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A B S T R A C T

The last mileis commonly referred to as the last leg in a distribution network,
connecting logistics facilities with consumers. Although the last mile typi-
cally represents the shortest leg in a supply chain it is generally regarded as
the most complex and expensive one. The complexity and cost challenges
of last-mile logistics are further exacerbated by the rapid urbanization, the
ongoing boom in e-commerce and rising customer service level expectations.
On the one hand, these phenomena translate into growing and fragmented
demand for urban logistics services which burdens transportation networks
with increased volume and higher operational complexity. These issues
call for transportation network optimization to ensure that shipments can
travel through the network in the most ef�cient way. On the other hand,
rising service level expectations and e-commerce sales offer online retailers
the opportunity to stand out from their competition through particularly
innovative and sophisticated last-mile logistics service offerings. Thus, this
thesis contributes to the academic discussions in the �elds of transportation
network optimization(Papers1 and 2) and customer service offerings(Papers3
and 4).

In the �rst two papers, we analyze the route ef�ciency effects that emerge
from combining �rst-mile pickup and last-mile delivery operations into
joint routes. Speci�cally, we examine the effects of (i) precedence constraints,
(ii) vehicle capacity constraints, and (iii) time window constraints on local
route ef�ciency gains due to the integration of pickup and delivery oper-
ations. Building on the extant literature on continuum approximation of
optimal route distances, we propose closed-form adjustment factors which
incorporate these non-trivial route ef�ciency effects that otherwise could not
be captured by analytical considerations. To this end, we conduct extensive
numerical experiments and analyze our data using (symbolic) regression
approaches. Our analyses suggest that the ef�ciency gains emerging from
integrating �rst-mile pickup and last-mile delivery operations can be as
high as 30%. However, the effective ef�ciency gains are highly sensitive to
the three types of constraints which complicate the optimal stop sequence
in integrated routes. The proposed adjustment factors are particularly rele-
vant for the optimal strategic design and operational planning of modern,
industrial-scale distribution networks. They help researchers and practi-
tioners to ef�ciently quantify the expected bene�ts from integrating pickup
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and delivery operations, and to assess under which circumstances such an
integration is (not) desirable.

In the third paper, we examine how last-mile logistics services in�uence
customers' purchasing decisions. To this end, we �rst propose a hierarchical
framework categorizing last-mile logistics services along �ve dimensions
and 22 second-order attributes. By means of adaptive choice-based con-
joint analysis, we then assess the importance of six selected attributes in
detail. Our �ndings suggest that the delivery fee is most important ( 29.2%
relative importance), followed by the delivery location ( 28.2%) and the
delivery lead time ( 15.11%). Finally, an analysis of common scenarios im-
plies that customers' logistics service preferences are heterogeneous and
that a diversi�ed service portfolio signi�cantly reduces online shopping
abandonment.

In the fourth paper, we investigate by means of an online experiment
whether innovative last-mile logistics service offerings in�uence customer-
based brand equity. Our regression analyses suggest that customers ap-
preciate being offered a wide selection of last-mile logistics services so
that their individual preferences are accounted for. However, customers do
not appreciate the full �exibility of a build-your-own service as it leads to
choice overload effects and additional con�guration effort. Our �ndings
imply that focusing solely on the costs associated with offering last-mile lo-
gistics services is myopic. Rather, practitioners and academics alike should
be aware of the spillover effects of a carefully designed logistics service
portfolio on a number of marketing-related constructs that are known to
have a positive long-term impact on �nancial metrics.
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Z U S A M M E N FA S S U N G

Als Letzte Meilewird gemeinhin der letzte Streckenabschnitt in einem
Distributionsnetzwerk bezeichnet, der Logistikstandorte mit den Endver-
brauchern verbindet. Obwohl die Letzte Meile in der Regel das kürzeste
Teilstück einer Lieferkette darstellt, gilt sie im Allgemeinen als der kom-
plexeste und teuerste Abschnitt. Die Herausforderungen, denen sich die
Letzte-Meile-Logistik hinsichtlich Komplexität und Kosten stellen muss,
werden durch die fortschreitende Urbanisierung, das starke Wachstum
im Bereich E-Commerce und gesteigerte Kundenanforderungen an Lo-
gistikdienstleistungen tendenziell noch verschärft. Einerseits führen diese
Entwicklungen zu einer steigenden und fragmentierten Nachfrage nach
Logistikdienstleistungen, die für die zugrundeliegenden Transportnetz-
werke zunehmend zum Problem wird, da immer größere Paketvolumina
transportiert werden müssen und der Koordinationsaufwand stark ansteigt.
Die Optimierung von Transportnetzwerken ist daher vermehrt Gegend-
stand akademischer Forschung, damit auch in Zukunft sichergestellt ist,
dass Pakete die Verteilnetzwerke auf möglichst ef�ziente Art und Weise
durchlaufen. Andererseits bieten steigende Kundenanforderungen und hö-
here Umsätze im E-Commerce Onlinehändlern die Möglichkeit, sich durch
besonders ausgefeilte Logistikdienstleistungen für die Letzte Meile von der
Konkurrenz abzuheben. Die vorliegende Arbeit leistet daher einen Beitrag
zum wissenschaftlichen Diskurs in den Bereichen der Transportnetzwerkop-
timierung (Studien 1 und 2) und des Angebots von Logistikdienstleistungen
(Studien 3 und 4).

In den ersten beiden Studien analysieren wir die Auswirkungen einer Zu-
sammenlegung von Abholtouren der sogenannten Ersten Meile und Zustell-
touren der Letzte Meile auf die Ef�zienz der Touren. Im Speziellen untersu-
chen wir die Auswirkungen von (i) Vorgänger-Nachfolger-Beziehungen, (ii)
Fahrzeugkapazitätsbeschränkungen und (iii) Lieferzeitfensterbeschränkun-
gen auf den Ef�zienzgewinn, der durch die Zusammenlegung von Abhol-
und Liefervorgängen in lokalen Touren realisiert werden kann. Aufbauend
auf der bestehenden Literatur im Bereich der kontinuierlichen Approxima-
tion optimaler Tourenlängen entwickeln wir mathematisch geschlossene
Funktionen als Anpassungsfaktoren für bereits bestehende Approximati-
onsfunktionen. Diese Faktoren berücksichtigen die Routenef�zienzeffekte,
die sich aus der Zusammenlegung von Abhol- und Zustelltouren ergben.
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Wir führen umfangreiche numerische Experimente durch und analysieren
unsere Daten mittels (symbolischer) Regression. Unsere Analysen deuten
darauf hin, dass die Ef�zienzgewinne, die sich aus der Zusammenlegung
von Abhol- und Zustelltouren ergeben, bis zu 30% betragen können. Diese
Ef�zienzgewinne sind jedoch sehr emp�ndlich gegenüber den Vorgänger-
Nachfolger-Beziehungen sowie den Fahrzeugkapazitäts- und Zeitfensterbe-
schränkungen, da hierdurch meist große Umwege innerhalb der Touren in
Kauf genommen werden müssen. Die von uns entwickelten Anpassungs-
faktoren sind von besonderer Bedeutung für die optimale strategische und
betriebliche Planung moderner Verteilnetzwerke. Sie helfen Forschern und
Praktikern gleichermaßen, die zu erwartenden Ef�zienzgewinne einer Zu-
sammenlegung von Abhol- und Zustellvorgängen abzuschätzen und zu
beurteilen, unter welchen Umständen eine solche Zusammenlegung (nicht)
wünschenswert ist.

In der dritten Studie untersuchen wir, wie sich das Angebot von Lo-
gistikdienstleistungen für die Letzte Meile auf die Kaufentscheidung von
Kunden auswirkt. Dazu entwickeln wir zunächst ein hierarchisches Katego-
risierungsmodell, das fünf Dimensionen und 22 untergeordnete Attribute
umfasst. Mithilfe einer adaptiven, auswahlbasierten Conjoint-Analyse un-
tersuchen wir dann im Detail die Bedeutung von sechs ausgewählten Attri-
buten für den Kaufprozess. Unsere Ergebnisse deuten darauf hin, dass die
Liefergebühr am wichtigsten ist ( 29, 2%relative Wichtigkeit), gefolgt vom
Zustellort ( 28, 2%) und der Zustellgeschwindigkeit ( 15, 11%). Abschließend
führen wir eine Szenarienanalyse durch, mit der wir aufzeigen können,
dass die Kundenpräferenzen in Bezug auf Logistikdienstleistungen sehr
heterogen sind und dass ein diversi�ziertes Dienstleistungsportfolio dazu
beitragen kann, dass Kunden ihren Onlineeinkauf seltener abbrechen.

In der vierten Studie untersuchen wir mit Hilfe eines Online-Experiments,
ob innovative Logistikdienstleistungsangebote Aufwirkungen auf den kun-
denbasierten Markenwert des Onlinehändlers haben. Unsere Regressions-
analysen deuten darauf hin, dass Kunden es schätzen, wenn ihnen eine
größere Auswahl an Logistikdienstleistungen angeboten wird, sodass ihre
individuellen Vorlieben berücksichtigt werden. Die Kunden mögen die
volle Flexibilität einer komplett selbst kon�gurierbaren Dienstleistung je-
doch nicht, da sie sich hierdurch zunehmend überfordert fühlen. Unsere
Ergebnisse implizieren daher, dass es kurzsichtig ist, sich ausschließlich auf
die Kosten zu konzentrieren, die mit dem Angebot von Logistikdienstleis-
tungen verbunden sind. Vielmehr sollten sich Praktiker und Wissenschaftler
gleichermaßen der positiven Auswirkungen eines sorgfältig konzipierten
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Logistikdienstleistungsportfolios auf eine Reihe marketingbezogener Kon-
strukte bewusst sein, von denen bekannt ist, dass sie sich langfristig positiv
auf Finanzen des Unternehmens auswirken.
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I N T R O D U C T I O N

1.1 motivation and research objectives

Last-mile logistics can be de�ned as "the last stretch of a business-to-
consumer (B2C) parcel delivery service" and it speci�es everything hap-
pening between "the order penetration point . . . [and] the �nal consignee's
preferred destination point." (Lim et al., 2018, p.310). Although the last mile
often represents the shortest leg in a global supply chain, it is generally
regarded as the most complex and expensive task in operating and manag-
ing fright distribution networks, accounting for between 28% and 53% of
the total logistics costs (cf., Business Insider,2021; Gevaers et al.,2011; Y.
Wang et al., 2016). Moreover, �rst- and last-mile operations are responsible
for a substantial part of the pollutant emissions and traf�c burden that
e-commerce logistics impose on a city (Rodrigue, 2017).

There are several drivers that exacerbate the complexity and cost chal-
lenges of last-mile (LM) logistics. First, urbanization remains a global phe-
nomenon and the United Nations, 2018estimate that approximately two
thirds of the global population will accumulate in urban areas by 2050. In
absence of disruptively innovative solutions to urban freight and passenger
mobility, continuing global urbanization leads to a constant increase in
public, private, and commercial vehicular traf�c, causing rising levels of
congestion and pollutant emissions (Taniguchi et al., 2014). Especially in
many emerging markets, cities grow at particularly high rates and the
available transportation infrastructure gets increasingly overburdened.

Second, retail e-commerce has been expanding rapidly over the past
decade. More recently this trend has been additionally fueled by the pan-
demic. For instance, the global market volume of retail e-commerce is
growing between 15% and 20% annually and is projected to reach $6.17
trillion in 2023, up from the pre-pandemic $ 3.35 trillion in 2019(eMarketer,
2021). This development leads to a massive demand increase for urban
logistics services and to a large number of additional direct shipments to
individual customers and consumers. For instance, parcel deliveries grow
on average by 7 � 10% in mature markets such as the United States or
Germany, and by up to 300%in emerging markets (McKinsey&Company,
2016).
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Third, we observe a trend of rising customer service level expectations,
which is closely connected to the rise of the on-demand economy. Receivers
expect ever higher standards in terms of individualized deliveries, shorter
delivery lead times, a wider range of return options, and narrower delivery
or pickup time windows (McKinsey&Company, 2016). On the one hand,
this trend translates into an increase in demand for complex urban logistics
services and further fragmentation of LM distribution volumes, i.e., addi-
tional direct shipments to and from individual customers. On the other
hand, rising service level expectations offers online retailers the opportunity
to stand out from their competition through particularly innovative and
sophisticated LM logistics service offerings (see, e.g., Cao et al.,2003; Shehu
et al., 2020; Vakulenko et al., 2019b). Thus, logistics services should no
longer be seen as a mere cost factor but rather as an enabler for an enjoyable
online shopping experience.

Collectively, these three drivers of LM complexity and cost have led to
increased attention among both academics and practitioners to two chal-
lenges: i) planning for ef�cient �rst- and last-mile transport operations to
connect customers and points of sale with logistics facilities (Qi et al., 2018),
and ii) determining which LM logistics service offerings customers actually
appreciate and how these offerings should be designed to optimally balance
the high costs with increased future sales that follow from a number of
marketing-related effects, such as higher conversion rates, increased cus-
tomer satisfaction and a more favorable brand image (Xiao et al., 2018). This
thesis contributes to the scholarly discourse on these two challenges with
four rigorous studies. Figure 1.1 depicts how these individual studies are
related to each other and how they are positioned within the Network Opti-
mizationand Customer Service Offeringsperspectives under the overarching
topic of LM logistics. The following two sections go into more detail about
these two perspectives.
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Figure 1 .1: Illustrative outline of the dissertation structure

1.2 lm logistics network optimization

As we have seen, the growing and fragmented demand for urban logistics
services burdens transportation networks with increased parcel volumes
and a higher level of pickup and delivery complexity. Moreover, as density
and congestion levels especially in large metropolitan areas keep growing
rapidly (United Nations, 2018), becoming more sustainable is increasingly
important for many logistics operators (World Economic Forum, 2021). One
way to achieve this is to coordinate and consolidate shipments in a way
that they can travel through a logistics network in the most ef�cient way
(Yoshimoto et al., 2005). However, as of today, many online retailers treat
their (proprietary or contracted) �rst- and last-mile logistics operations as
two separate and mostly independent problems. Often, both operations are
even performed on physically separate networks, with dedicated facilities
and �eets (Bányai et al., 2018; Cardenas et al.,2017; Lim et al., 2019). The
�rst-mile process of picking up shipments from local vendors and the LM
process of delivering individual shipments to the �nal customers, each
require thorough planning and execution of routes to ensure cost ef�ciency
and sustainability. Combining pickup and delivery operations in a single
network with a shared vehicle �eet and joint routes could therefore present
an important lever to reduce the unit cost and emissions footprint of logistics
operations (see, e.g., Acimovic et al.,2015; Gansterer et al.,2017; Rieck et al.,
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2014; Turkensteen et al., 2017). However, the extant literature is heavily
focused on optimizing �rst-mile pickup and last-mile delivery operations
individually (see, e.g., Prodhon et al., 2014; Schneider et al.,2017).

In Chapters 2 and 3, we analyze the route ef�ciency trade-offs that emerge
from combining �rst-mile and last-mile operations in an urban logistics
network. In other words, we quantify the extent to which integrating pickup
and delivery stops into shared vehicle routes leads to cumulative distance
savings compared to pickup-only and delivery-only routes. While the in-
creased stop density of a combined route generally leads to an improvement
in route ef�ciency, there are several non-trivial factors that negatively affect
the ef�ciency of combined routes by imposing additional detours. Among
these factors are vehicle capacity constraints, time window constraints, and
pickup and delivery short-circuiting ( SC). SC refers to the case when a
pickup location and its corresponding delivery location are geographically
suf�ciently close, so that they can both be handled within the same vehicle
tour without any intermediary handling of the shipment at the depot.

To determine whether integrating urban �rst-mile pickup and last-mile
delivery operations yields any ef�ciency gains in a given e-commerce dis-
tribution problem, we need to assess the impact of such an integration on
the tactical planning and operational execution of vehicle routes, which,
in turn, affect the strategic design of the distribution network as a whole
(Nagy et al., 2007; Salhi et al., 1989). On a route level, the optimal planning
and execution of routes typically relates to well-studied optimization prob-
lems, including the traveling salesman problem ( TSP), the vehicle routing
problem (VRP), and the pickup and delivery problem ( PDP). The integrated
optimization of vehicle routes and the overarching distribution network de-
sign is commonly addressed by so-called location-routing problems ( LRPs).
Due to their computational complexity, both routing problems and network
design problems often become intractable for large-scale, real-world prob-
lem instances. This gives rise to continuum approximation ( CA) methods to
estimate optimal route lengths based on a limited set of parameters describ-
ing the underlying demand characteristics, the topological features of the
underlying road network, and the operational and commercial properties of
the delivery operations (see, e.g., Ansari et al., 2018; Schneider et al.,2017).
The effect of integrating �rst-mile pickup and last-mile delivery operations
on both the ef�ciency of individual routes and the overarching design of
urban distribution networks as a whole has not been intensively studied in
the extant literature.
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1.2.1 Paper1 – Pickup and Delivery Integration with Short-Circuiting and
Vehicle Capacity Constraints

In response to the gap in the extant literature, Paper1 analyzes the route
ef�ciency trade-offs that emerge from combining �rst-mile pickup and last-
mile delivery operations, particularly focusing on i) SC, ii) vehicle capacity
constraints and iii) potential interaction effects between both effects (see,
Figure 1.1). To this end, building on existing frameworks of CA-based
route length estimation ( RLE), we propose a set of closed-form adjustment
factors to capture the impact of varying degrees of �rst-mile and last-mile
integration on route ef�ciency at the level of an individual vehicle route. In
particular, these adjustment factors build on the work of Beardwood et al.
(1959), Daganzo (1984a, 1984b) and Daganzo (2005). In a second step, we set
up comprehensive numerical experiments to study the dependence of these
adjustment factors on key parameters characterizing the integrated pickup
and delivery problem. These parameters include the degree of pickup and
delivery integration, i.e., the ratio between pickup and delivery shipments
in the tour, the in�uence of vehicle capacity constraints and precedence
constraints emerging SC.

Our analyses suggest that the ef�ciency gains emerging from integrating
�rst-mile pickup and last-mile delivery operations can be as high as 30%
even if the number of pickup and delivery requests in a route is far from
balanced. However, the route ef�ciency gains are highly sensitive to vehicle
capacity constraints which progressively harm tour ef�ciency. Moreover,
we �nd that the precedence constraints imposed by the short-circuiting of
local pickup and delivery requests within single routes have a deleterious
effect on route ef�ciency gains, reducing them by up to 10%.

Additionally, we study the implications of integrating �rst-mile pickups
and last-mile deliveries on the overall operational and environmental foot-
print of an urban distribution operation at the scale of an entire city, i.e., on
a network level. To this end, we apply our CA-based RLE expressions to
real-world operations data from one of India's largest e-commerce platforms
for the city of Bengaluru. Speci�cally, we study the effect of integrating
�rst-mile and last-mile route operations on the total distance driven within
the network, as a proxy for potential cost savings and reductions in the
company's traf�c and emissions footprint.
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1.2.2 Paper2 – Pickup and Delivery Integration with Time Windows and Vehicle
Capacity Constraints

Paper2 builds on and extents the �ndings from Paper1, accounting for
additional effects that negatively affect the ef�ciency of combined routes
through additional detours. Speci�cally, we examine (i) the impact of dis-
crete, non-overlapping time window ( TW) constraints, (ii) the impact of
vehicle capacity constraints and (iii) the joint impact of both TW and capac-
ity constraints on the route ef�ciency gains due to the integration of pickup
and delivery transportation networks (see, Figure 1.1). We propose a set
of closed-form adjustment factors to estimate the average inter-customer
link distance in an integrated network that speci�cally captures the three
above-mentioned effects on a route level. To this end, we de�ne a set of
key parameters characterizing the underlying pickup and delivery prob-
lem with time windows ( PDPTW). We then conduct extensive numerical
experiments to study the in�uence of these parameters on the total route
distance covered by the �eet of vehicles. To analyze the data from our
numerical experiments, we propose a novel iterative approach which com-
bines exploratory data analysis (EDA) with symbolic regression ( SR): We
make use of EDA techniques to open-mindedly and unbiasedly explore our
large data set and generate hypotheses about the most relevant variables
and their interactions. We then use a state-of-the-art implementation of
SRto identify the exact analytical descriptions of the hidden patterns and
interactions in our experimental data. This analysis approach helps us to ac-
curately quantify and explain the non-trivial effects of vehicle capacity and
TW constraints in integrated pickup and delivery vehicle routes operating
within a common distribution network.

Our analyses suggest that the ef�ciency gains emerging from an increased
stop density in integrated pickup and delivery operations deteriorate as
time window and vehicle capacity constraints are imposed. These real-
world complications affect the optimal stop sequence in integrated routes
and diminish or even eliminate the expected ef�ciency gains. Speci�cally,
we �nd that route ef�ciency does not deteriorate linearly with decreasing
vehicle capacity. Rather, this effect becomes increasingly pronounced for
particularly small capacities. With regards to time window constraints, we
�nd a small set of only three parameters is suf�cient to capture the com-
plex effects that time window constraints impose on the route ef�ciency in
integrated networks. Our analysis of the interaction effects between time
window and vehicle capacity constraints indicates that the individual (neg-
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ative) effects of these constraints on overall route ef�ciency do not simply
add up if both types of constraints are present. Rather, the combined loss in
route ef�ciency due to both types of constraints is typically smaller than the
sum of their individual effects. Moreover, we �nd that the interaction effects
between time window and vehicle capacity constraints is strongly in�u-
enced by the temporal arrangement of the pickup and delivery customers:
If pickup customers with time windows need to be served on average
before delivery customers with time windows, the integration of pickup
and delivery routes is hampered. In the opposite case, if delivery customers
need to be served largely before pickup customers, route integration is
hardly affected. Ultimately, our proposed closed-form formulae are critical
to ef�ciently inform strategic network design decisions as they provide for
easy scalability to large-scale problem instances, which makes it particularly
relevant for analyses pertaining to real-world logistics applications.

1.3 lm logistics customer service offerings

As mentioned above, rising service level expectations lead to an increasing
importance of LM logistics services within the online shopping process,
and, at the same time, offering particularly innovative services gives online
retailers the opportunity to stand out from their competitors (see, Boyer
et al., 2009; Castillo et al., 2021; Esper et al.,2003; Lim et al., 2018; S. H. Lu
et al., 2020). Leading online retailers offer their customers a whole bouquet
of innovative LM logistics services (Morganti & Dablanc, 2014), ranging
from instant or same-day delivery, delivery within short time windows,
and the option of �exibly change the delivery location or time, to order
live tracking, free returns, and climate-neutral deliveries (Comi et al., 2021;
Marino et al., 2018; Schwerdfeger et al., 2020).

Many practitioner-oriented sources stress the importance of offering com-
petitive LM logistics services because dissatis�ed customers will quickly
turn to the competition as information search and switching costs are ex-
tremely low in the e-commerce market (see, S. Rao et al.,2011). For instance,
UPS (2019) �nds that 32% of customers would switch the online shop if this
resulted in a faster delivery. Moreover, a long delivery lead time is a reason
for about 26% of shopping basket abandonments according to the same
study. Furthermore, a study by MetaPack ( 2018) reveals that “ 58% [of the
customers] chose one online provider over another because they provided
more delivery options” (p. 7). All in all, if an online store's LM logistics
service offerings are not not aligned with customers' preferences this can
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have negative (monetary) consequences both immediately and in the long
term: lower conversion rates, fewer referrals to friends (smaller customer
base), less favorable brand image, less loyal customers, etc. It therefore
seems vital for online retailers to offer a portfolio of LM logistics services
comprising services that actually matter to their customers. Ultimately, this
will help them attract and retain customers in the long term and generate
additional sales.

Especially, the pandemic and the associated lockdowns in 2020and 2021
have forced many traditional retailers to enter online retailing out of ne-
cessity. These �rms have already proven that they are successful retailers
but also being responsible for LM logistics to the �nal customer is a new
challenge for them. These new e-retailers – and from time to time estab-
lished online retailers as well – need to �nd out what logistics services are
available in the market, what features they include, and what services are
most important to their customers. In Paper3, we deal with these questions.
To this end, we propose a hierarchical framework categorizing LM logistics
services along �ve dimensions and 22 second-order attributes. Moreover,
by means of choice-based conjoint analysis, we assess the importance of six
selected attributes on online purchasing decisions in detail.

In Paper4, we go one step further and examine by means of an on-
line experiment whether speci�c LM logistics service offerings in�uence
customer-based brand equity (CBBE), one of the most widely studied latent
constructs in the marketing literature. CBBE is typically conceptualized
along the four dimensions brand loyalty, perceived quality perception,
brand awareness and brand associations (see, Aaker,1991; Keller, 1993).
Countless studies from the marketing literature have examined the bene�ts
that increased brand equity ultimately entails for a company: Brand equity
serves as a market entry barrier for other companies, facilitates the introduc-
tion of new products and services, increases customer loyalty, and boosts
sales �gures through price premiums and larger quantities sold (see, e.g.,
Baldauf et al., 2003; Kapferer, 2008) However, to the best of our knowledge,
academic research has not yet examined if different LM logistics service
offerings affect CBBE of an B2C online retail brand.

1.3.1 Paper3 – Characteristics of LM Logistics Service Offerings and Their
In�uence on Purchasing Decisions

In Paper3, we explore how LM logistics services can be characterized, what
attributes they encompass, and which speci�c services are most important
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to customers during the online purchasing process. To this end, we design
four studies that build upon each other. In the �rst study, we propose a
hierarchical categorization framework for LM logistics services to shed light
on the various characteristics and attributes that collectively de�ne a LM
logistics service. This framework comprises 5 �rst order dimensions and 22
subordinate attributes, which, in turn, comprise several attribute levels. We
are con�dent that this framework provides a holistic overview of common
LM logistics services currently offered in the e-commerce market. In the
second study, we establish an importance ranking of the 22 attributes from
our categorization framework using aggregated importance scores from
three data sources:11 expert interviews, survey data from 200e-commerce
customers and the data from a meta-analysis we conducted based on the
extant literature. In the third and fourth studies, we examine a subset of
six important attributes from our ranking to quantify their in�uence on
e-commerce customers' purchasing behavior in more detail. To this end,
we conduct adaptive choice-based conjoint (ACBC) analysis for which we
collected survey data from 200 online customers in the USA. Finally, we
develop a choice simulator that can predict the share that a particular
logistics service will make up in a portfolio of LM logistics services.

Our �ndings suggest that the delivery fee is the most important attribute
with a relative importance of 29.2%, closely followed by the delivery location
(28.2%) and the order lead time ( 15.11%) while a sustainable delivery
strongly gains traction. We further show that an ideal LM logistics service
would comprise a next-day home delivery for which all carbon dioxide
(CO2) emissions are offset. Further, whether or not the customer can choose
a delivery time window does not seem to be overly important. This is
in contrast to the shipment return policy, which should come at no extra
charge to be popular with customers. Our analysis of common scenarios
implies that customers' logistics service preferences are very heterogeneous
and that a diversi�ed delivery option portfolio can signi�cantly reduce the
share of customers for whom no logistics service option is acceptable and
who would therefore abandon their online shopping cart.

The primary objective of this research endeavor is to help practitioners
understand the in�uence of B2C LM logistics services on customers' pur-
chasing decisions and, hence, which speci�c logistics service portfolios
should be offered in order to minimize shopping basket abandonment
and increase customer retention. The choice simulation tool increases the
practical applicability of our research as the user can easily assess various
scenarios by de�ning a portfolio of LM logistics services and predicting the
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share that a particular service will make up in this portfolio. Moreover, our
research helps academics gain a better understanding of what attributes a
LM logistics service encompasses and how the various service attributes
can be logically categorized with help of our framework. The results from
our conjoint and scenario analyses are useful for scholars when it comes
formulating new research questions and selecting logistics service attributes
that are particularly important for e-commerce customers and that therefore
deserve greater attention also in the academic discourse.

1.3.2 Paper4 – Effects of LM Logistics Service Offerings on Customer-Based
Brand Equity

In Paper4, we investigate by means of an online experiment whether offer-
ing innovative LM logistics services entails additional marketing-related
effects that can ultimately offset the high costs. Speci�cally, we examine
if there is a relationship between our LM logistics service manipulations
and CBBE, taking into account four moderators from the two overarching
categories of involvementand brand relevance. Moreover, we control for a
number of socio-economic and demographic variables, as well as the re-
spondents' prior online shopping experience and a set of personality and
attitudinal constructs. For our between-subject, posttest-only experiment,
we recruited 750participants who are randomly assigned to a control group
(CG, receiving only a basic service) and two treatment groups (TG 1, choice
between 5 advanced services; TG2, build-your-own ( BYO) service). The
participants shop for running shoes in a mock-up online store before they
are treated with their respective service condition. In a subsequent survey,
we measure each respondent'sCBBE-value and the moderator constructs.
We use hierarchical regression to analyze our experiment data.

Our analyses suggest that the averageCBBE-level is indeed higher among
customers who can choose from a portfolio of �ve precon�gured services
(treatment group ( TG)1) than it is among customers who cannot choose
among services and have to settle for a basic service (control group (CG)).
Similarly, we �nd support for the hypothesis that the average CBBE-level is
higher among customers who can �exible build their own service ( TG2) than
in the control group. However, we could not detect signi�cant differences –
in terms of CBBE– between the two treatment groups TG1 and TG2. Further,
our regression analyses suggest that one out of the four hypothesized
moderators (social demonstrance function) is indeed a signi�cant moderator
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of the relationship between our LM logistics service manipulations and
CBBE.

Our �ndings have far-reaching implications: It is myopic to focus exclu-
sively on the cost side when it comes to setting up or changing a service
portfolio for LM logistics. The positive spillover effects of LM logistics port-
folios on brand equity help to balance the �nancial burden of offering these
services. Logistics managers should therefore actively collaborate with their
marketing colleagues to develop a service strategy that takes into account
the CBBE-effects of LM logistics and is aligned with both the company's
operational capabilities and customer preferences.

1.4 limitations and future research

Like any research, also the research presented in this thesis has some
limitations that provide fruitful avenues for future research. The scope of
our two studies from the �eld of transportation network optimization(Papers
1 and 2) is limited to the examination of localroute ef�ciency gains, i.e, we
base our analysis on the average inter-customer travel distance and omit
any ef�ciency effects that might occur on the line-haul components of the
corresponding vehicle routes. It would therefore be interesting to explore the
effects of pickup and delivery integration on the overallef�ciency of vehicle
routes, including their line-haul components. This includes establishing
an analytical or empirical relationship between the integration of delivery
and pickup operations and the effective capacity of the vehicle during the
line-haul part of a route in order to determine under which circumstances
the local routing effects would be dominated by the line-haul effects or vice
versa. Second, the relationship between the degree to which local pickup
and delivery requests can be short-circuited on a single route and the
optimal depot location should be explored in further detail, as this aspect is
of particularly high relevance for the optimal design and operation of shared
mobility and shared urban freight services. Third, we limit our analyses
to the case of time windows that are non-overlapping and hard/binding.
Extending our analysis to overlapping and/or soft time windows would be
an obvious next step. Further, the impact of consolidated pickups and/or
deliveries (i.e., shipments that connect one shipper (or recipient) with
multiple recipients (or shippers)) would be of interest. Lastly, extending our
analysis to the much more complex case of dynamic routing/pickup-and-
delivery problems would be particularly relevant for research and practice.
Insights from such an analysis could inform the design and operation of
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on-demand transportation systems, such as highly responsive e-commerce
distribution, food or grocery delivery services.

With regards to Paper3, we noted the following limitations and propose
ways to mitigate them in future studies. First, conjoint analysis is inherently
associated with relative importances. Thus, we cannot draw conclusions
about the importance of our LM logistics service attributes within the
whole e-commerce process and their overall impact on online customers'
purchasing decisions. For instance, a comparison of our attributes with
the importance of the website design or security/privacy measures is not
possible. It would therefore be desirable to conduct a study that completes
the big picture and sets our �ndings in relation to other attributes that
are important to online customers. Second, the selection of LM logistics
service attributes and also the assignment of these attributes to the various
dimensions remains to some extent subjective despite the use of scienti�c
methods and the necessary rigor. Moreover, the selected attributes can never
capture all aspects of reality and there are other factors that may also be
of great concern to customers when choosing delivery options. Third, it
is uncertain whether the results of our conjoint analysis are generalizable
beyond the product and price level we used in our study. We chose a
medium-cost, medium-replacement cycle, medium-term experience good
(running shoe) and product price ($ 100) that is signi�cantly higher than
the logistics service (up to $6). Future research should thus investigate
the in�uence of the logistics service on the purchasing decisions of the
customer for different product types and price levels.

Lastly, we also prepared a list of limitations and thought-provoking
impulses for future research that are related to Paper4. First, we selected
a restricted number of service attributes and we did not explicitly test all
possible combinations of service attribute levels, i.e., we did not pursue
a full-factorial experimental approach. While this approach is ef�cient
and economically reasonable, its downside is that we cannot analyze to
what extent each individual service attribute contributes to CBBE. Future
research could therefore re�ne our results by selecting only one or two
service attributes and conducting a small but full-factorial experiment
for those attributes. Second, our cross-sectional study design does not
allow us to account for potential temporal deterioration effects in the LM
logistics service levels, i.e., certain service levels that are perceived as being
sophisticated and innovative today might become standard in the future.
Future research should therefore explore these deterioration effects in the
logistics service levels, possibly relying on a longitudinal study design.
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Third, the temporal boundary of our online experiment is naturally the
point of sale. We can thus not examine or measure anything that happens
after this point. However, there are a number of post-sale issues that might
seriously jeopardize the positive brand equity effects of even the most
innovative LM logistics services. Thus, future research should examine to
what extent glitches in the actual ful�llment process in�uence customer-
based brand equity.

1.5 outline of this thesis

The remainder of this thesis is structured as follows. The four original
research papers are presented in Chapters2 to 5. Each of these chapters
follows a similar structure: First, the relevant citation and author informa-
tion for each paper are provided before the speci�c research contributions
of each author are outlined. Subsequently, the summarizing abstract is
presented before the main body of the paper commences.

The main bodies of all papers follow a similar structure, too. In the
introduction section, the stage for the subsequent research endeavor is
set and the topic under investigation is described. In the related work
section, relevant prior research is summarized and discussed. Moreover,
the unresolved issues that the current research addresses are identi�ed. In
the methods section, it is laid out in detail how the research was performed.
In the results section, the collected data are described and the results of the
statistical analyzes are presented. In the conclusion section, the key-�ndings
are highlighted and an outlook on future research is presented. Finally, in
the supplements section, more background information are provided.

The main body of the thesis is followed by the bibliography containing
all sources that were cited in this thesis. Last, the curriculum vitae of the
author of this thesis, including a list of publications, is attached. First, the
relevant citation and author information for each paper are provided before
the speci�c research contributions of each author are outlined.
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abstract

In this paper, we analyze the route ef�ciency trade-offs that emerge from
combining �rst-mile pickup and last-mile delivery operations in an urban
distribution system. We build on the extant literature on continuum ap-
proximation of optimal route distances and propose adjustment factors that
account for the effects of integrated pickup and delivery operations. By
means of comprehensive numerical experiments and regression analysis,
we further propose a set of closed-form adjustment factors that improve
existing continuum approximation-based route length estimations. These
adjustment factors incorporate some non-trivial route ef�ciency trade-offs
emerging from �rst-mile and last-mile integration that cannot easily be
captured through continuum approximation. The proposed extensions are
particularly relevant for the optimal strategic design and operational plan-
ning of large-scale, high-density last-mile distribution systems that are
gaining in importance in light of e-commerce and omni-channel retailing.
Our analyses suggest that the ef�ciency gains emerging from integrating
�rst-mile pickup and last-mile delivery operations can be as high as 30%.
However, the effective ef�ciency gains are sensitive to vehicle capacity
constraints and other factors complicating the optimal stop sequence in
integrated routes. We apply our proposed method to a real-world case
study informed by operational data from one of India's largest e-commerce
platforms for the city of Bengaluru. We �nd that by properly integrating its
�rst-mile and last-mile operations, the company could reduce its urban traf-
�c and emissions impact by up to 16%, while increasing the asset utilization
and reducing the cost of operations of its vehicle �eet.

2.1 introduction

While overcoming the urban last mile to the �nal customer often represents
the shortest leg in a global freight distribution system, it is generally con-
sidered to be the most complex and costly task in managing and operating
e-commerce supply chains (Gevaers et al.,2011). For instance, according to
Goodman (2005), the �nal delivery of goods from distribution centers to
customers accounts for up to 28% of the total cost of transportation. More-
over, urban �rst- and last-mile operations are responsible for a substantial
part of the pollutant emissions and traf�c burden that e-commerce logistics
impose on a city (Rodrigue, 2017).
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In recent years, two main drivers of last-mile complexity and cost evolved.
First, rapid urbanization is an ongoing global phenomenon. Approximately
68% of the global population are expected to accumulate in urban areas
by 2050, according to the United Nations ( 2018). In absence of disruptively
innovative solutions to urban freight and passenger mobility, continuing
global urbanization leads to a constant increase in public, private, and com-
mercial vehicular traf�c, causing rising levels of congestion and pollutant
emissions (Taniguchi et al., 2014). Especially in many emerging markets,
cities grow at particularly high rates and the available transportation infras-
tructure gets increasingly overburdened.

Second, due to an unbroken boom in e-commerce, we observe a massive
increase in the amount and fragmentation of demand for business-to-
business (B2B) and B2C urban logistics services. Global retail e-commerce
sales are expected to increase to US$6.5 trillion by the end of 2023, up from
US$ 3.5 trillion in 2019(eMarketer, 2019). This tremendous growth will, to
a large extent, translate to additional small, direct shipments to individual
customers and consumers. For example, in2015, parcel deliveries grew by
7 � 10%in mature markets such as the United States or Germany, and by
up to 300% in emerging markets (McKinsey&Company, 2016).

In B2C e-commerce, the fragmentation of last-mile distribution volumes
is further ampli�ed by rising consumer service level expectations. Con-
sumers are expecting ever higher standards in terms of delivery lead-time,
delivery time windows, and shipment individualization. In B2B last-mile
distribution, fragmentation is primarily driven by the dominance of the
traditional retail channel in emerging economies, and by the trend towards
increasingly local ful�llment in the developed markets (Fransoo et al., 2017).

Increasing fragmentation of �rst-mile pickup volumes is mainly driven
by e-commerce marketplaces. In 2017, the 75 largest e-commerce market-
places in the world generated sales of $1.74 trillion and grew by 34% per
year on average (DigitalCommerce360, 2021). These marketplaces promise
additional convenience to consumers because their assortment is much
broader than any single store could offer. On the other end, small- and
medium-sized vendors use marketplaces as an additional sales channel and
to enlarge their customer base beyond geographical limitations (Forbes,
2017). Due to the increasing popularity of e-commerce marketplaces the
number of small-volume shipments to be picked up from local vendors
multiplied in recent years.

All in all, the growing and increasingly fragmented demand for urban
logistics services burdens urban transportation networks with increased



18 integrating first -mile pickup and last -mile delivery

volume and a higher level of pickup and delivery complexity, calling for
tighter coordination and consolidation of shipments (Yoshimoto et al., 2005).
Currently, most e-retailers treat their (proprietary or contracted) �rst- and
last-mile logistics operations as two separate and mostly independent prob-
lems. Often, both operations are even performed on physically separate
networks, with dedicated facilities and �eets (Bányai et al., 2018; Cardenas
et al., 2017; Lim et al., 2019). The �rst-mile process of picking up ship-
ments from local vendors and the last-mile process of delivering individual
shipments to the �nal customers, each require thorough planning and exe-
cution of routes to ensure cost ef�ciency. Combining pickup and delivery
operations in a single network with a shared vehicle �eet and joint routes
can therefore constitute an important lever in making logistics operations
more ef�cient (see, Drexl et al., 2015; Gansterer et al., 2017; Rieck et al.,
2014). With the rapid growth of demand for crowd-sourced, on-demand
delivery services such as Uber Rush, Deliv or Postmates, ef�ciency gains
from consolidation of pickups and deliveries become critical in attempts to
better utilize limited courier capacities and limit the traf�c impact of these
services. In an attempt to cut down on excessive cost per delivery and to
constantly source suf�cient courier capacity in increasingly tight courier
labor markets, utilizing existing courier �eets more ef�ciently is a critical
success factor for e-commerce companies to serve their customers reliably
and cost effectively, while keeping up with the rapid growth rates of their
respective demand base, speci�cally in highly competitive urban markets.
However, the extant literature is heavily focused on optimizing �rst-mile
pickup and last-mile delivery operations individually (see, e.g., Prodhon
et al., 2014; Schneider et al.,2017).

In this paper, we analyze the route ef�ciency trade-offs that emerge from
combining �rst-mile pickup and last-mile delivery operations in an urban
logistics network. While the increased stop density of a combined route
generally tends to lead to an improvement in route ef�ciency in comparison
to pure pickup and delivery routes, there are several factors that negatively
affect the ef�ciency of combined routes by imposing additional detours. To
this end, we propose a set of closed-form approximations to capture the
impact of varying degrees of �rst-mile and last-mile integration on opera-
tional ef�ciency at the level of an individual vehicle route. Besides analyzing
the effect of combining both deliveries and pickups on a single route, we
examine the impact of varying degrees of delivery SCon route ef�ciency.
SCrefers to the case when a pickup location and its corresponding delivery
location are geographically suf�ciently close, so that they can both be han-
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dled within the same vehicle tour without any intermediary handling of
the shipment at the depot.

In a second step, we conduct a comprehensive numerical analysis to
better understand and capture the non-trivial effects of �rst-mile and last-
mile integration on route ef�ciency. These non-trivial effects are caused
by vehicle capacity constraints and precedence constraints due to paired
pickup and delivery requests. By means of regression analysis based on the
data of our numerical experiments, we propose several extensions to our
closed-form route distance approximations, which enable a more accurate
estimation of the effect of �rst-mile and last-mile integration on overall
route ef�ciency.

Based on our proposed closed-form approximations, we can extend
existing CA approaches that are widely used to estimate optimal route
lengths to also account for integrated �rst-mile and last-mile operations.
This allows us to further study the effect of combined pickup and delivery
operations on the network level. Based on a case study set in the city of
Bengaluru with real data from one of India's largest e-commerce platforms,
we analyze how different levels of �rst-mile and last-mile integration affect
the ef�ciency and environmental impact of a city-wide distribution network.

The remainder of this paper is structured as follows. In Section 2.2, we re-
view the relevant extant literature and present the research gaps addressed
by this work. In Section 2.3, we propose a closed-form expression for the
expected route distance as a function of the key parameters we identi�ed.
We then introduce our numerical experiments which we set up to study
the non-trivial route-ef�ciency trade-offs mentioned above. Here, we also
describe the ef�cient heuristic solution approach on which we rely to explic-
itly solve the PDP in the course of our numerical experiments. In Section
2.4, we compare the closed-form approximations proposed in Section 2.3
with the results of our numerical experiments to derive regression-based ad-
justments for non-trivial route ef�ciency effects. In Section 2.5, we illustrate
our method by applying it to a real-world case study and estimating the
network-level ef�ciency gains of integrated �rst-mile pickup and last-mile
delivery operations. In Section 2.6, we conclude by highlighting the major
�ndings of our work and presenting an outlook on future research in this
�eld.
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2.2 literature review

To determine whether integrating urban �rst-mile pickup and last-mile
delivery operations yields any ef�ciency gains in a given e-commerce distri-
bution problem, we need to assess the impact of such an integration on the
tactical planning and operational execution of vehicle routes, which, in turn,
affect the strategic design of the distribution network as a whole (Nagy
et al., 2007; Salhi et al., 1989). On a route level, the optimal planning and
execution of routes typically relates to well-studied optimization problems,
including the TSP, the VRP, and the pickup and delivery problem ( PDP).
These problem classes and their variants are reviewed in Section2.2.1. The
integrated optimization of vehicle routes and the overarching distribution
network design is commonly addressed by so-called LRPs. We review the
extant literature on integrated LRPs in Section 2.2.2. Due to their compu-
tational complexity, both routing problems and network design problems
often become intractable for large-scale, real-world problem instances. This
gives rise to continuum approximation ( CA) methods to estimate optimal
route lengths based on a limited set of parameters describing the underly-
ing demand characteristics, the topological features of the underlying road
network, and the operational and commercial properties of the delivery
operations. We review the literature on CA methods in Section 2.2.3. The
effect of integrating �rst-mile pickup and last-mile delivery operations on
both the ef�ciency of individual routes and the overarching design of urban
distribution networks as a whole has not been intensively studied in the
extant literature. We therefore identify speci�c research gaps related to
these effects in Section2.2.4.

2.2.1 Integrated Pickup and Delivery Problems

The general pickup and delivery problem ( GPDP) refers to a problem in
which a number of transportation requests has to be satis�ed by a �eet of
vehicles executing a set of routes. Each vehicle route has a distinct start
and end location and a �nite load capacity. Each transportation request
is characterized by a set of pickup locations (origins), delivery locations
(destinations) and a load size. Moreover, each request has to be ful�lled
as a whole, i.e., each load has to be transported by one vehicle from its
set of origins to its set of destinations without any transshipment at other
locations such as the depot (M. W. P. Savelsbergh et al.,1995).
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In their comprehensive two-part survey, Parragh et al. ( 2008a, 2008b)
distinguish between two sub-classes of the GPDP. The �rst subclass is de-
noted as the vehicle routing problem with backhauls ( VRPB) and considers
the transportation of goods from a depot to linehaul customers and from
backhaul customers to a depot. The second problem class is referred to
as the vehicle routing problem with pickups and deliveries ( VRPPD) and
considers loads being transported between pickup and delivery locations
along the same route.

The latter problem class can again be subdivided into two sub-classes.
The �rst sub-class of the VRPPD is denoted as the pickup and delivery
vehicle routing problem ( PDVRP) and refers to the case in which the pickup
and delivery locations are unpaired. In other words, a homogeneous good is
considered, which means that the goods loaded at any pickup location can
be used to ful�ll demand at any delivery location. The second sub-class of
the VRPPD considers paired pickup and delivery points, i.e., transportation
requests that are associated with speci�c origins and destinations. This
sub-class comprises the classicalPDP and the dial-a-ride problem ( DARP).
The PDP considers the transportation of goods, while the DARP focuses
on passenger transportation by considering an additional constraint to
explicitly take user inconvenience into account. We limit our further review
exclusively on the PDP literature since the focus of this work lies on paired
pickup and delivery requests in the context of urban freight distribution.

Lokin ( 1978) is the �rst to incorporate precedence constraints into the
traditional TSP, laying the foundation for formulations of the PDP that are
commonly used throughout the relevant literature. M. W. P. Savelsbergh
et al. (1995) are among the �rst to generalize the PDP and develop a uni�ed
notation that covers many possible variations of the problem, including the
DARP. Moreover, they provide an overview of existing solution methods.
Desrochers et al. (1988) present an early survey on the VRP and its vari-
ations, including the PDP. More recently, J.-F. Cordeau et al. (2007) focus
on demand-responsive transport systems, covering the PDP and the DARP.
Mitrovic-Minic ( 1998) compiles a survey on the PDPTW.

A relatively recent review of exact solution approaches for the PDP is
presented by J.-F. Cordeau et al. (2008). Other surveys on solution methods
for the static PDP can be found in Assad (1988), Desaulniers et al. (2002),
Parragh et al. (2008a) and Berbeglia et al. (2007), while Berbeglia et al. (2010)
present a survey on dynamic variants of the PDP.

Recent research focuses on applying thePDP to real-world problems lead-
ing to more realistic, so called rich pickup and delivery problem ( Rich PDP)
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models (Lahyani et al., 2015). In order to tackle real-world problems, addi-
tional constraints are incorporated into the PDP. These real-life constraints
are related to time and distance factors, the use of heterogeneous �eets,
the linkage with inventory and scheduling problems, environmental and
energy issues, and many more (see, e.g., Rais et al.,2014; Sicilia et al., 2016).
A recent survey on Rich VRPs, also covering Rich PDPs, is presented by
Caceres-Cruz et al. (2015).

2.2.2 Integrated Location-Routing Problems

As e-retailers and their logistics service providers ( LSPs) are struggling to
remain cost-competitive in light of the increasingly fragmented and complex
urban logistics services they need to provide, many distribution network
design efforts are focused on operational ef�ciency and asset utilization
(Taniguchi, 2014). Designing urban distribution networks generally involves
three levels of decisions (Ambrosino et al., 2005; Bektaş et al.,2017; Crainic
et al., 1997): (i) long-term strategic decisions, such as the number, type
and location of distribution facilities; (ii) medium-term tactical decisions,
such as the size and composition of the associated vehicle �eets; and
(iii) short-term operational decisions, which primarily focus on vehicle
routing and scheduling. Since the strategic location and operational routing
decisions are tightly interconnected, solving them independently from
each other is shown to produce sub-optimal results (cf., Bruns, 1998;
Salhi et al., 1989; Webb, 1968). Therefore, the design of urban distribution
networks is generally informed by so-called integrated LRPs that optimize
facility location and vehicle routing decisions jointly and simultaneously.
Comprehensive surveys of the extant LRP literature are presented by Nagy
et al. (2007), Prodhon et al. (2014), Drexl et al. (2015) and Schneider et al.
(2017).

In light of increasingly dense urban markets, growing e-commerce vol-
umes, and emerging hyper-local ful�llment strategies, academic research
has been particularly interested in multi-echelon distribution networks (see,
e.g., Boccia et al.,2011; Crainic et al., 2004; Gragnani et al., 2004; Janjevic et
al., 2019; Winkenbach et al., 2016). Since both facilities and vehicles are typi-
cally constrained in their carrying capacity, the corresponding variant of the
LRP is typically referred to as the two-echelon capacitated location-routing
problem (2E-CLRP). Jacobsen et al. (1980), Madsen (1983) and Taniguchi
et al. (1999) are amongst the �rst to address this problem, while Prodhon
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et al. (2014) and Schneider et al. (2017) provide recent surveys of the extant
literature in this �eld.

In general, the LRP and its variants are computationally very expensive
as they combine two sub-problems that are themselves NP-hard (Karp, 1972;
Lenstra et al., 1981), the location-allocation problem, seeking to determine an
optimal con�guration of distribution facilities in the network, and variants
of the VRP, optimizing the �ow of vehicles and goods from higher-level
to lower-level facilities and from facilities to the points of demand. For
this reason, this problem class quickly becomes intractable for large-scale
problem instances inspired by real-world applications.

Most of the extant literature on single- or multi-echelon LRPs focuses on
heuristic and metaheuristic approaches to solve the routing part of LRPs,
rather than approximating optimal route distances. Three major surveys
on LRPs published throughout the past three decades propose analytically
approximating the routing part of the LRP by route length estimation
formulae as fruitful avenues for future research (cf., Balakrishnan et al., 1987;
Drexl et al., 2015; Nagy et al., 2007). Several authors have since proposed
the integration of closed-form route distance or cost approximations in
single- or multi-echelon LRPs to replace the explicit routing component (cf.,
Albareda-Sambola et al., 2012; X. Chen et al.,2009; Glicksman et al., 2008;
Harks et al., 2013; Winkenbach et al., 2016). Moreover, existing research has
very much focused on the case of unidirectional �ows of goods, i.e., on
delivery-only or pickup-only networks. The effect of integrating deliveries
and pickups in a joint operation is not studied to any signi�cant extent.
Especially, Nagy et al. (2007) propose to extend existing RLE formulae to
"cater for vehicle routing extensions such as [...] pickup and delivery" (p.
667).

2.2.3 Continuum Approximation of Route Distances

As stated above, the computational complexity of integrated LRPs limits
their applicability to real-world problem instances. However, the purpose of
many LRPs is to guide strategic network design decisions, for which explicit
solutions to operational level routing problems play a subordinate role.
Therefore, a group of so-called hierarchical heuristic solution approaches to
the LRP leverages closed-form RLE formulas to approximate near-optimal
route distances rather than solving the actual routing problem explicitly.
This signi�cantly reduces the computational complexity of the LRP, while
still systematically exploiting route-level information to inform the optimal
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strategic location decisions that are the primary focus of the LRP (Drexl
et al., 2015; Nagy et al., 2007; Smilowitz et al., 2007).

Nagy et al. (1996) are among the �rst to develop RLE formulas for generic
vehicle routing problems, while Daganzo ( 2005), Smilowitz et al. ( 2007), and
others integrate these approaches in higher-level network design problems,
and apply the approach for instance in the context of package distribution
systems. Winkenbach et al. (2016) introduce a closed-form expression to
estimate near-optimal routing cost based on the RLEs proposed by Daganzo
(1984a) and Smilowitz et al. ( 2007), which accounts for several aspects
relevant to urban distribution, such as the ability to choose from multiple
vehicle options with different capacities, allowing for mixed �eets, and
enforcing a global service time constraint. The proposed approximation
effectively reduces the 2E-CLRP to a two-echelon �xed charge problem (cf.,
Bertsekas,1998, ch. 10, p. 472).

The objective of CA approaches for RLE is to estimate the expected tour
distance d for a near-optimal route to visit n customer locations that are
scattered over a service areaA. Beardwood et al. (1959) are the �rst to
derive a closed-form expression to approximate the expected tour distance
of the TSP. The TSP is one of the most intensively studied optimization
problems in logistics and seeks to �nd the shortest possible route for an
uncapacitated vehicle that visits a number of customer locations exactly
once and returns to the origin location, usually referred to as the depot
(Kruskal, 1956). In their seminal paper, Beardwood et al. ( 1959) prove that

lim
n! ¥

E [dTSP(n, A)] = k
p

nA, (2.1)

where dTSP(n, A) is the TSPtour distance to visit n customers in a service
area of size A, and k is a constant depending on the distance metric used.
For the Euclidean distance or L2 metric, kL2 � 0.765(Stein, 1978), while
for the Manhattan distance or L1 metric, kL1 � 0.97(Jaillet, 1988). Daganzo
(1984b, 2005) introduces upper bounds for k for service areas with a squared
shape, with kL2 � 0.87 for the Euclidean metric and kL1 � 1.15 for the
Manhattan metric. Moreover, it can be shown that Equation (2.1) also holds
true for small numbers of customer locations n as long as the service area
A is fairly convex (Daganzo, 1984b; Eilon et al., 1974). Subsequent research
has focused on extending the original expression of Beardwood et al. ( 1959)
to not only account for the TSPbut more general routing problems such as
the VRP and its variants. Daganzo (1984a) introduces a CA expression for
the VRP tour length dVRP(n, A, C, r) to visit n customer nodes in a service
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area of size A with a vehicle of capacity C and an average distancer from
the depot to the delivery region,

lim
n! ¥

E [dVRP(n, A, C, r)] = 2r
n
C

+ k0
p

nA. (2.2)

Here, the term 2r n
C approximates the linehaul portion of the route from

the distribution facility to the start of the delivery route and from the
end of the route back to the distribution facility. The number of vehicles
required is captured by the term n

C , while the term k0
p

nA approximates the
cumulative inter-stop distance between customer locations. The constant
k0 depends on the distance metric used. Generally, k0 < k (cf., Equation
(2.1)). For the Euclidean metric k0

L2 � 0.57, and for the rectilinear metric
k0

L1 � 0.73(Daganzo, 1984b). For problems in which the linehaul distance
from and to the depot is included, Equation ( 2.2) proves to be superior to
Equation (2.1) (see, e.g., Chien,1992; Kwon et al., 1995).

Other works have proposed extensions of the above stated CA approaches,
to also incorporate the effects of delivery time windows or different area
shapes (see, e.g., Chien,1992; Daganzo, 1984a; Figliozzi, 2008; Kwon et
al., 1995; Newell et al., 1986a, 1986b). More recently, Carlsson et al. (2017)
propose a CA approach to determine the ef�ciency of a delivery system
with two separate classes of vehicles: An unmanned aerial vehicle (UAV )
picks up a parcel from a moving truck, delivers it to the �nal customer, and
returns to the truck to pick up the next parcel. X. Li et al. ( 2016) propose
a CA modeling framework to optimize a hybrid transit network, which is
characterized by a grid structure in the central district and a hub-and-spoke
structure in the outskirts. J. Chen et al. (2018) optimally design a one-way
electric vehicle (EV) sharing system in an urban area using CA methods,
while M. Huang et al. ( 2013) investigate how disaster relief vehicles should
be routed to bene�ciaries such that the sum of arrival times is minimized.
Moreover, CA approaches have been been extended to better re�ect the
complexities in real-world, large-scale urban logistics applications. For in-
stance, Merchán et al. (2018, 2019) observe that current RLE approximation
methods signi�cantly underestimate the distances traveled in real-world
urban road networks. The commonly used simplifying assumption of travel
distances following an L1 or L2 norm neither accounts for road network
obstacles, such as rivers, highways and parks, nor for road network compli-
cations, such as one-way streets, detours and congestion.

Aside from exogenous impacts on route ef�ciency, such as the road
network topology, a number of company-internal, tactical and operational
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parameters can affect the effective distance of optimized routes. Among
these factors is the integration of paired pickup and delivery requests
in joint routes. While integrating pickup and delivery requests generally
increases the stop density of a route and thus decreases inter-stop distances,
there are several factors that negatively in�uence the optimal vehicle route
distance by imposing detours on the vehicle route compared to a pure
delivery or pickup route. These factors include vehicle capacity constraints
and precedence constraints of paired pickup and delivery requests. These
non-trivial route ef�ciency trade-offs in integrating pickups with deliveries
have not been studied in academic literature yet.

2.2.4 Research Gap

In response to the gaps in the extant literature identi�ed above, the con-
tribution of this paper is twofold. First, building on existing frameworks
of CA-based RLE, we propose a set of closed-form adjustment factors to
capture the impact of integrating �rst-mile pickup and last-mile delivery
operations on a route level. In particular, these adjustment factors build on
the work of Beardwood et al. ( 1959), Daganzo (1984a, 1984b) and Daganzo
(2005). Further, we study the dependence of these adjustment factors on key
parameters characterizing the integrated pickup and delivery problem by
means of comprehensive numerical experiments. These include the degree
of pickup and delivery integration, i.e., the ratio between pickup and deliv-
ery shipments in the tour, the in�uence of vehicle capacity constraints and
precedence constraints emerging from paired pickup and delivery requests.

Second, on a network level, we study the implications of integrating
�rst-mile pickups with last-mile deliveries on joint routes on the overall
operational and environmental footprint of an urban distribution operation
at the scale of an entire city. Speci�cally, we illustrate the potential of our
CA-based RLE approach by applying it to real-world data from the �rst-
mile and last-mile operations of one of India's largest e-commerce platforms
for the city of Bengaluru. We study the effect of integrating �rst-mile and
last-mile route operations on the total distance driven within the network,
as a proxy for potential cost savings and reductions in the company's traf�c
and emissions footprint.
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2.3 methodology

In the following, we �rst introduce the relevant notation (Section 2.3.1),
before proposing a closed-form approximation for the expected route ef-
�ciency effect from integrating �rst-mile pickup and last-mile delivery
operations in joint routes (Section 2.3.2). Then, we introduce the mathemati-
cal formulations and heuristic solution methods for the VRP and the GPDP,
which form the basis for a series of numerical experiments to study effects
unaccounted for by our initially proposed approximation (Section 2.3.3).
Based on the results of our numerical experiments, we conduct a multiple
linear regression to estimate a generalized correction factor to improve the
accuracy of our closed-form estimation of the route ef�ciency effect from
�rst- and last-mile integration (Section 2.3.4).

2.3.1 Terms and Notation

In our mathematical notation and formulation, we closely follow M. W. P.
Savelsbergh et al. (1995). In the following, we introduce the most important
terms and notation used in this paper. A summary of the notation used in
this paper can be found in Table 2.9 in Supplement 2.7.1.

transportation requests Let N be the set of transportation requests.
According to the de�nition of the GPDP, each transportation request i
speci�es a load of qi 2 N units of a homogeneous good that needs to
be picked up at a set of one or multiple origins (i.e., pickup locations),
N+

i , and delivered to a set of one or multiple destinations (i.e., delivery
locations), N �

i . In case of multiple origins, each origin node j supplies
a part of the total load, qj , so that qi = å j2 N+

i
qj . In case of multiple

destinations, each destination node j receives a part of the total load, qj , so
that qi = � å j2 N �

i
qj . Note that the load associated to an origin (i.e., pickup)

node is positive, the one associated to a destination (i.e., delivery) node
is negative. Moreover, we de�ne N+ :=

S
i2 N N+

i as the set of all origin
nodes, and N � :=

S
i2 N N �

i as the set of all destination nodes. The joint
set of origin and destination nodes is denoted by V := N+ [ N � . Note
that all vehicle routes are assumed to start and end at the depot location,
respectively denoted as node k+ and k� in the following. For the purpose
of our analyses, all transportation requests can be assumed to fall into one
of the following three categories:
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• Pickup requests:A transportation request i for load qi = r p (parcels)
to be shipped from a single origin node (i.e., a vendor) within the
service area,N+

i = f i+ g, to a single destination node being the depot,
N �

i = f k� g. Here, r p 2 N + denotes the number of parcels to be
picked up per pickup node. For the sake of simplicity, we assume
uniform load characteristics across all pickup nodes when analyzing
the effect of changes in r p on route ef�ciency. The sum over all pickup
requests of all loads (e.g., parcels) to be picked up in the service area
and to be delivered to the depot is denoted by np.

• Delivery requests:A transportation request i for load qi = r d (parcels)
to be shipped from a single origin node being the depot, N+

i = f k+ g,
to a single destination node (i.e., a customer) within the service area,
N �

i = f i � g. Here, r d 2 N + denotes the number of parcels to be
delivered per delivery node. As for pickups, we assume uniform load
characteristics across all delivery nodes. The sum over all delivery
requests of all loads (e.g., parcels) to be delivered to customers from
the depot is denoted by nd.

• Short-circuiting (SC) requests:A transportation request i for load qi = r p

(parcels) to be shipped from a single origin node (i.e., a vendor) within
the service area, N+

i = f i+ g, to
r p
r d

2 N + destination nodes (i.e.,

customers) within the service area, i �j 2 N �
i . The sum of all SC loads

(i.e., parcels) to be delivered to customers within the service area from
vendors within the service area is denoted by nsc.

Note that, while we present generalized de�nitions of pickup, delivery,
and short-circuiting requests above, we abstract from analyzing consoli-
dated pickups and deliveries by assuming r d = r p = 1 for the remainder of
this paper. The total number of vehicle stops emerging from all three types
of transportation requests is thus given by

nstops =
nd

r d
+

np

r p
+ nsc

�
1
r d

+
1
r p

�
= nd + np + 2nsc. (2.3)

Accordingly, the number of pickup and delivery stops is given by

nstops,d =
nd + nsc

r d
= nd + nsc, (2.4a)

nstops,p =
np + nsc

r p
= np + nsc, (2.4b)
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respectively.
Since real-world delivery problems differ a lot in size, we refrain from

absolute load sizes to characterize integrated pickup and delivery routes. In-
stead, we de�ne a pickup-to-delivery ratio a, denoting the fraction of pickup
loads among the sum of non-SCpickup and delivery loads considered in
the service area,

a =
np

nd + np
. (2.5)

Further, we de�ne a short-circuiting ratio b, denoting the ratio of SC loads
over all non-SC nodes,

b =
nsc

nd + np
. (2.6)

vehicle routes Let M denote the set of vehicles. Each vehiclek 2
M has a capacity Qk 2 N . The integrated pickup and delivery route of
vehicle k is denoted as Rk and runs through a subset Vk of all origin and
destination nodes in the problem, Vk � V. The set of all vehicle routes
is then de�ned as R := f Rkjk 2 Mg. The starting node of a route Rk of
vehicle k is denoted by k+ and the ending node of the route is denoted by
k� . M + := f k+ jk 2 Mg is de�ned as the set of starting nodes of all vehicle
routes, and M � := f k� jk 2 Mg is the set of all ending nodes of all vehicle
routes. W := M + [ M � denotes the joint set of all route starting and ending
nodes. When constructing the vehicle routes Rk, all transportation requests
have to be ful�lled, and each transportation request i has to be ful�lled as
a whole by the same vehicle, (N+

i [ N �
i ) \ Vk = Æ _ (N+

i [ N �
i ) \ Vk =

N+
i [ N �

i 8i 2 N. If a transportation request is assigned to a speci�c
vehicle, N+

i [ N �
i � Vk, then all locations in N+

i are visited before all
locations in N �

i . The vehicle load Qk may never be exceeded, and vehiclek
must visit each location in Vk exactly once.

service area and travel distances A service area of size A con-
tains all transportation requests. For all pairs of nodes j, l 2 V [ W, let djl
denote the travel distance and t jl the travel time for a vehicle to travel from
node j to node l.
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2.3.2 Impact of Pickup and Delivery Integration

To facilitate the analysis of the effects of integrating �rst-mile and last-mile
operations, we de�ne a proportionality factor, kPD, which can be interpreted
as the ratio of the expected distance of an optimal TSPtour with integrated
pickup and delivery and the expected combined distances of two separate,
optimal TSPtours that only consist of pickup and delivery stops, respec-
tively. Integrating pickup and delivery nodes in a joint route would only
be an optimal choice if it yielded ef�ciency gains over operating separate
pickup and delivery routes. Otherwise, solving the routing problem would
yield two separate routes as the optimal solution. Therefore, the value of
kPD can at most be given by kPD = 1. Further, integrating pickups and
deliveries on joint routes would yield the strongest route ef�ciency gains in
the hypothetical scenario in which it only leads to an increase in stop den-
sity, without imposing additional detours to the sequence of stops followed
along the route. This maximum possible ef�ciency gain is re�ected in the
lowest possible value that kPD can assume, which is given by

kPD =
dPD

TSP

�
nstops, A

�

dTSP

�
nstops,d, A

�
+ dTSP

�
nstops,p, A

� (2.7)

=
k
p

nstopsA

k
q

nstops,dA + k
p

nstops,pA

=
p

nstops
p nstops,d + p

nstops,p
,

such that kPD � kPD � kPD.
Solving Equation (2.5) for np and Equation (2.6) for nsc, inserting them

into Equation ( 2.3) and subsequent rearranging of terms yields

nstops =
nd

1 � a
(1 + 2b) . (2.8)

Similarly, we eliminate np and nsc in Equations (2.4a) and (2.4b)

nstops,d =
nd

1 � a
(1 � a + b) , (2.9a)

nstops,p =
nd

1 � a
(a + b) . (2.9b)
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Inserting Equations (2.8), (2.9a) and (2.9b) into Equation (2.7) �nally yields

kPD (a, b) =

p
1 + 2b

p
1 � a + b +

p
a + b

. (2.10)

Note that Equation (2.10) only denotes a lower limit to the true value of
kPD. The underlying CA approach does not account for a number of real-
world complications of combined pickup and delivery routes. Speci�cally,
it does not consider potential detours incurred from i) capacity limitations
(i.e., the need to free up suf�cient vehicle capacity by visiting a delivery
node before being able to visit another pickup node along the route), and
ii) precedence constraints (i.e., the requirement to visit pickup nodes of
SC requests prior to their corresponding delivery nodes). Both of these
effects reduce the effective ef�ciency gain from integrating �rst-mile pickup
and last-mile delivery in joint routes. We discuss these in further detail in
Section 2.3.4.

Moreover, it is important to note that we base kPD as de�ned in Equations
(2.7) through (2.10) on the approximation results for TSProutes (see, Equa-
tion (2.1)) rather than on approximations for VRP routes (see, Equation
(2.2)). We deliberately base our analytical considerations on the TSPbecause
we want to focus our study on the effects of an integration of pickup and
delivery operations on the ef�ciency of vehicle routes within local pickup
/ delivery zones. We therefore exclude the line-haul distances travelled to
and from these local delivery / pickup zones from our analyses. The main
reason for our decision to focus on ef�ciency gains observed at the local
routing level is that ef�ciency effects at the line-haul level would be heav-
ily in�uenced by the assumed underlying distribution network structure,
i.e., the number and location of the depots and the number and type of
vehicles at each depot location. In our study, we would like to avoid any
bias induced by the network design and, thus, focus exclusively on local
routing-level effects. The schematic illustration given in Figure 2.1 shows
the various route savings effects that can occur when integrating pickup and
delivery operations in joint vehicle routes and highlights that we explicitly
differentiate between route distance savings due to line-haul effects, which
are not in the focus of our study, and routing local effects. In Supplement
2.7.3.1, we brie�y discuss the ef�ciency gains that could theoretically be
expected if we based our analytical considerations on the VRP instead of the
TSP. This discussion illustrates that the local routing effects are structurally
identical in both cases (cf., Equation (2.1) and the second term in Equation
(2.2)). As we disregard any line-haul effects, the local route ef�ciency effects
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affect the expected inter-stop distances in both the TSPand the VRP results
in the same way so that our adjustment factor kPD is directly applicable in
both TSP settings and VRP environments without line-hauls.
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Figure 2 .1: Schematic illustration of the various route savings effects when inte-
grating pickups and deliveries in joint vehicle routes

2.3.3 Numerical Models

To validate our proposed estimates for kPD from Section 2.3.2 and to fur-
ther analyze the effect of factors unaccounted for by the underlying CA
methods, we conduct extensive numerical experiments by explicitly solv-
ing the general pickup and delivery problem ( GPDP) and optimizing the
corresponding pure-play pickup and delivery routes, respectively. We in-
troduce the mathematical formulations of both problems in Section 2.3.3.1
before pointing out well-established, ef�cient heuristics and metaheuristic
approaches for large-scale instances of these problems in Section2.3.3.2. In
Section 2.3.3.3, we then present the experimental design of our numerical
analyses. Finally, we assess the quality of the heuristic solutions in Section
2.3.3.4.
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2.3.3.1 Mathematical Formulations

formulating the vrp / tsp To determine the optimal route lengths
for the two base case (BC) routes, we solve a capacitatedVRP for each of
them. The VRP is a well-studied combinatorial optimization problem in
the academic literature. Given a set of nodes along with the cost of travel
between each node pair, it determines the set of vehicle routes that serve all
nodes at the lowest cost (or shortest distance, time, etc.). The termcapacitated
indicates that each route can only visit a subset of all nodes due to a limited
carrying capacity of the vehicle. When there is only a single, uncapacitated
vehicle, the VRP reduces to the TSP. We refer the reader to Dantzig et al.
(1959) and Toth et al. (2014) for the standard de�nition and mathematical
formulation of the VRP and to Flood (1956) and Applegate et al. (2007) for
the TSP.

formulating the pdp To determine the optimal route length of the
integrated route ( IR), we solve the PDP based on a modi�ed version of
the GPDP formulation presented by M. W. P. Savelsbergh et al. (1995). A
summary of the required variables and other notation can be found in
Tables2.10 and 2.11 in Supplement 2.7.1. The PDP formulation used for our
analyses is presented in Supplement 2.7.2.

Compared to the VRP, the PDP accounts for a number of additional
constraints. Most importantly, to serve a given delivery node within a
given transportation request, the vehicle must carry a suf�cient load of the
corresponding good. That is, it must have picked up a suf�cient load from
pickup nodes within the same transportation request and it may not have
delivered too much of the picked up load at other delivery nodes within
the same transportation request before serving the currently considered
delivery node.

2.3.3.2 Heuristic Solution Approaches

Both the VRP and the PDP are NP-hard problems (cf., Archetti et al., 2011;
Battarra et al., 2014; Bürgisser et al., 1997). Given the large number of
problem instances considered in our experimental study, and the relatively
large size of the problem instances that we analyze, we need to strike a
balance between solution accuracy and computation time. We therefore rely
on well-established heuristic and metaheuristic solution approaches to both
problems (cf., Gendreau et al., 2019).
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Local search (LS) heuristics generally provide a reasonable trade-off
between accuracy and ef�ciency and are frequently applied to routing
related problems. The concept underlying any LS heuristic is to start with
an initial, feasible solution that may be generated with the help of relatively
simple heuristics, such as the nearest neighbor heuristic (Bendall et al., 2006;
Lin et al., 1973), which is equivalent to the path cheapest arc (PCA) heuristic
within the Google Optimization Tools ( OR-Tools) environment we use for
our analyses (Google,2019). The initial solution is then iteratively improved
by exploring neighboring solutions that are obtained by applying a set of
change operators to the current solution (see, e.g., Bräysy et al.,2005a).
For vehicle routing and scheduling problems, so-called edge-exchange
algorithms constitute the most relevant class of improvement operators.
Among the most common improvement operators used in LS-based solution
approaches to the VRP and the PDP are the Two-opt (Lin, 1965), Or-opt (Or,
1967), Relocate, Exchange and Cross (M. W. P. Savelsbergh,1992) operators.
A complete list of the operators used for our analyses is given in Table 2.12
in Supplement 2.7.3.2.

SinceLS heuristics only sequentially accept solutions that improve the
objective function value, their search can be considered as being myopic.
To avoid that a LS procedure gets stuck in a local optimum, LS is often
augmented by higher-level metaheuristics, which explore the solution space
more extensively. To a certain extent, they accept solutions that are inferior to
the current solution or even infeasible in an attempt to expand and diversify
the search space and identify paths towards further solution improvements.
Common metaheuristics applied to routing problems include tabu search
(TS) (Glover, 1986), simulated annealing (SA) (Chiang et al., 1996), guided
local search (GLS) (Voudouris et al., 1999; Voudouris et al., 2010), and
large neighborhood search (LNS). For an overview of well-established
metaheuristic solution approaches to both the VRP and the PDP, we refer
the reader to the works of Blum et al. ( 2003), Bräysy et al. (2005b), and
Gendreau et al. (2019).

Following Shaw ( 1998), we solve the VRP to near-optimality with a local
search heuristic augmented with a large neighborhood search method
(LS-LNS) similar to Pisinger et al. ( 2010), and the PDP with a local search
heuristic augmented with a guided local search method ( LS-GLS) similar to
Kilby et al. ( 1999). Both of these solution approaches are embedded in the
OR-Tools routing library for Python (Google, 2019; Perron, 2011), which we
use to implement our numerical analyses. Based on extensive tests with the
implementations of both solution approaches, we set a �xed run-time limit
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of 30 minutes to all PDP simulations of the IRs and a run-time limit of 15
minutes to all VRP simulations of the BC routes since the latter problem
is computationally less complex to solve. All experiments were run on a
Windows 10Enterprise 64-bit operating system with two Intel Xeon E 5-2470
CPUs and 16 GB of RAM. Note that we evaluate the quality of our heuristic
solution approach in Section 2.3.3.4.

2.3.3.3 Experiment Design

In the following, we present the setup of our numerical experiments, in-
troducing the key parameters that serve as the dimensions of our multi-
factorial experiments, and de�ning the process of generating the instances
of the PDP that serve as the basis of our analysis.

basic parameter settings For our experiments, without loss of
generality, we assume a depot to be located in the center of the service area,
which serves as the start point k+ and end point k� of any route Rk for
any vehicle k 2 M. Since our analysis will focus on the inter-stop distances
along optimal routes only, the location of the depot is not critical. Moreover,
without loss of generality, we assume the service area in our experiments
to be quadratic with A = 1 km2. All distances are computed based on the
L1 (i.e., Manhattan) norm.

vehicle and capacity As we lay out in Section 2.3.1, in their for-
mulation of the GPDP, M. W. P. Savelsbergh et al. (1995) introduce a �eet
of vehicles M, each restricted by a capacity Qk 2 N . In case the vehicle
capacity Qk is not suf�cient to serve all transportation requests in a single
tour, the vehicle returns to the depot and a new tour is started. Route
ef�ciency is thus heavily affected by the ratio of the vehicle capacity and
the total number of transportation requests to be served. To study their
exact effect, we systematically vary the vehicle capacity Qk throughout our
experiments. Speci�cally, we adjust Qk as a function of a capacity constant,
q, with q > 0 scaling the vehicle capacity relative to the total number of
pickup or delivery requests in the service area,

Qk = qmax
�
nd + nsc, np + nsc

�
. (2.11)

generation of problem instances Our numerical experiments
serve the purpose of quantifying and rationalizing the non-trivial route
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ef�ciency effects incurred in a capacitated PDP. To this end, we conduct
two experiments to examine

i) the impact of vehicle capacity constraints in an integrated �rst-mile
pick-up and last-mile delivery problem, and

ii) the impact of precedence requirements in a capacitated PDP with
short-circuited transportation requests (i.e., pickup and delivery pairs
being served along the same vehicle route).

In Experiment1, we generate a series of problem instances by varying
the pickup-to-delivery ratio a from 0 to 1 in steps of 0.05. We run this
experiment for different vehicle capacities with q 2 f 2, 1, 0.9, 0.8, . . . , 0.1g
in order to quantify the impact of tightening capacity limitations on route
ef�ciency.

Experiment2 consists of two parts. In Experiment2.1, we examine the non-
trivial effects of the SC-induced precedence constraints on route ef�ciency
by varying the pickup-to-delivery ratio a, with a 2 f 0, 0.1, . . . , 0.9, 1g, while
steadily increasing the short-circuiting ratio b, with b 2 f 0, 0.2, 0.4, 0.6, 0.8, 1,
2, 3g, for an uncapacitated vehicle, q = 2. In addition, we examine a prob-
lem instance in which the number of SC transportation request is very
large in comparison to the number of ordinary requests ( a = 0.5,b =
10). In Experiment2.2, we examine the effect of capacity limitations in a
SC environment. To this end, we vary the capacity constraint Qk, with
q 2 f 2, 0.8, 0.6, 0.4, 0.2g, for different levels of a 2 f 0, 0.1, . . . , 0.9, 1g and
b 2 f 0, 0.1, 0.2, 0.3, 0.4, 0.5, 1g. Again, we also consider a case of strong
dominance of SC transportation requests (a = 0.5,b = 10) for the vari-
ous capacity levels. Table2.1 summarizes the range of possible parameter
combinations for all experiments.

Table 2 .1: Parameter values considered for the generation of problem instances

Parameter Experiment 1 Experiment 2.1 Experiment 2.2

q f 2, 1, 0.9, 0.8, . . . , 0.1g f 2} f 2, 0.8, 0.6, 0.4, 0.2g
a f 0, 0.05, 0.10, . . . , 0.90, 0.95, 1g f 0, 0.1, . . . , 0.9, 1g, f 0.5g f 0, 0.1, . . . , 0.9, 1g, f 0.5g
b f 0g f 0, 0.2, 0.4, 0.6, 0.8, 1, 2, 3g, f 10g f 0, 0.1, 0.2, 0.3, 0.4, 0.5, 1g, f 10g

no. comb. 231 89 390

Based on Equations(2.3), (2.5) and (2.6), we compute the corresponding
values for nd, np, and nsc for each parameter combination (a, b), such that
50 � nstops � 100and nd, np, nsc 2 N 0. We thus ensure that the number of
stops and the pickup, delivery and SC loads (i.e., parcels) transported are
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each integral numbers. The chosen limits on the number of vehicle stops,
nstops, ensures that our experiments are neither distorted by very small
problem instances, for which stop locations may not be suf�ciently evenly
spread across the service area, nor suffer from excessive computational cost.
For each parameter combination, we then generate nexp = 40 independent
problem instances to assess the variation in our numerical results (cf., Vaux
et al., 2012). To generate a problem instance, we closely follow the method
proposed by H. Li et al. ( 2003). We generatenp pickup requests, nd delivery
requests, and nsc SC requests. The locations of the destination nodes of
the pickup requests and the locations of the origin nodes of the delivery
requests are set to the depot in the center of the service area. The locations
of all other origin and destination nodes are randomly assigned such that
they are uniformly distributed across the service area.

measure of analysis To determine the ef�ciency gain from integrat-
ing �rst-mile pickup and last-mile delivery for each problem instance, we
compare the optimal length of an IR with the total distance traveled in
the corresponding BC scenario. The BC consists of two independent ve-
hicle routes, the pickup base case (BCPICK) route and the delivery base
case (BCDEL) route. The BCPICK route contains all pickup requests. More-
over, it contains all pickup nodes of the SCrequests, which are now assumed
to be also paired with the depot as the corresponding delivery node. Simi-
larly, the BCDEL route contains all delivery requests and all delivery nodes
of the SCrequests, assuming their associated loads now originate from the
depot. The locations and loads associated with the pickup and delivery
nodes remain unchanged between the IR and the BC routes. Figure 2.2
presents an illustrative example for the three routes considered in a given
problem instance.

For any given problem instance, we can thus calculate the distance
ratio (DR) d between the distance traveled in the IR, dIR, and the sum of the
distances traveled in the BC routes, dBCDEL and dBCPICK. When computing
the route distances dIR, dBCDEL, and dBCPICK, we omit all linehaul distances
between the depot and the �rst stop of the route, as well as between the
last stop of the route and the depot. Ommitting the linehaul distances
is required to avoid that i) the distance ratio d is biased due to the fact
that the BC contains two routes for the same number of stops, and ii) our
results strongly depend on the depot location. Moreover, we normalize
the distance of the integrated route, dIR, by dividing it by the number of
inter-stop links, gIR, that accrue to serve all customers in the integrated
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(a) (b) (c)

Figure 2 .2: Illustrative example of a problem instance. (a) IR, (b) BCDEL route,
(c) BCPICK route.

network. Similarly, we divide the BC route distance (dBCDEL + dBCPICK) by
the number of inter-stop links ( gBCDEL + gBCPICK) travelled upon to serve
all customers in the BC. This enables us to compute the distance ratio d
solely based on the average inter-stop distance between the stops,

d =
dIR (gBCDEL + gBCPICK)
(dBCDEL + dBCPICK) gIR

. (2.12)

2.3.3.4 Quality of Heuristic Solutions

To ensure that our chosen solution method and its implementation building
on the OR-Tools Python library do not introduce any undesirable bias or
inaccuracy to the results obtained from our numerical study, we conduct
a two-fold benchmark analysis. First, we compare the results obtained
from our OR-Tools implementation for a wide range of problem instances
from our numerical experiments to the corresponding results obtained
from the well-established Adaptive Large Neighborhood Search ( ALNS)
metaheuristic proposed by Ropke et al., 2006b and extended by Ropke
et al., 2006a. Second, we compare the results obtained from our OR-Tools
implementation for the well-known benchmark instances of H. Li et al.,
2003to the best-known solutions documented in the extant literature.

comparison with ropke and pisinger heuristics We speci�cally
chose to benchmark our implemented heuristic solution approach to the
ALNS approach proposed by Ropke et al., 2006b, as there is widespread
agreement in the extant literature that their metaheuristic performs well
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on a wide range of variants of the so-called rich pickup and delivery
problem with time windows ( Rich PDPTW), including problem variants
without customer-speci�c time window constraints, which correspond
to the problem type considered for our analysis (see, e.g., Ropke et al.
(2006a), Pisinger et al. (2007), Gendreau et al. (2010, p.415ff.), Gendreau et al.
(2019, p.112ff.), Battarra et al. (2014)). The (extended) ALNS metaheuristic
of Ropke et al., 2006a, 2006b serves as a uni�ed heuristic that relies on
multiple simple heuristics and performs competitively on a wide family of
related problem types when compared to specialized algorithms focusing
on only a speci�c, single type of problem (Ropke et al., 2006a, pp.751, 773).
Therefore, in order to validate the quality of the solutions obtained from our
heuristic solution approach implementation, Ropke et al., 2006b appears as
a well-suited performance benchmark.

Table 2 .2: Benchmark summary of OR-Tools heuristic solutions (Google, 2019)
compared to state-of-the-art ALNS heuristic solutions (Ropke et al.,
2006b)

Objective Value
Deviation

Instance
Count

Fraction of
Instances

50.0% to 100.0% - 0.0%
20.0% to 50.0% 4 0.0%
10.0% to 20.0% 124 1.1%
5.0% to 10.0% 782 6.7%
2.0% to 5.0% 1,670 14.3%
1.0% to 2.0% 1,036 8.9%
0.5% to 1.0% 693 5.9%
0.1% to 0.5% 697 6.0%
0.0% to 0.1% 553 4.7%

0.0% 4,253 36.4%
0.0% to -0.1% 554 4.7%

-0.1% to -0.5% 424 3.6%
-0.5% to -1.0% 282 2.4%
-1.0% to -2.0% 271 2.3%
-2.0% to -5.0% 318 2.7%

-5.0% to -10.0% 38 0.3%
-10.0% to -20.0% 1 0.0%
-20.0% to -50.0% - 0.0%

-50.0% to -100.0% - 0.0%

Total 11,700 100.0%

Aggregate performance statistics:

Objective Value
Deviation

Absolute Objective
Value Deviation

Avg. 1.09% 1.41%
Std. Dev. 2.49% 2.32%

We base our benchmark analysis on problem instances taken from Ex-
periment2.2 (see, Section2.3.3.3) covering a wide range of our experiment
parameter combinations. Speci�cally, we solve 10 problem instances for
each of the 390 different experiment parameter combinations of Experi-
ment2.2 using the ALNS heuristic of Ropke et al., 2006b. Thus, since each
problem instance consists of three routes (combined, pure pickup, pure
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delivery) our benchmark analysis comprises 10 � 390� 3 = 11, 700routes in
total. In Table 2.2, we report the observed deviations between the solutions
found by our OR-Tools implementation and the solutions obtained from
the ALNS metaheuristic of Ropke et al. (2006b) in an aggregate manner. A
more detailed summary of the results from this benchmark analysis can be
found in Table 2.13 in Supplement 2.7.3.3. Table 2.2 shows that the average
deviation between the OR-Tools heuristic and the ALNS benchmark heuris-
tic amounts to 1.09%, suggesting a slightly superior performance of the
benchmark heuristic. However, for more than a third of all routes ( 36.4%),
both heuristics found the exact same solution, and for almost two thirds
of all routes (63.7%) the observed deviation is smaller than 1%. Addition-
ally, Table 2.13 suggests that the deviation in the solutions obtained from
the OR-Tools heuristic and the ALNS benchmark is relatively consistent
across all instances solved for each experiment parameter combination
when grouping the results by the various levels of the network integration
parameter a. Our results from Table 2.13 further suggest that our chosen
heuristic implementation on average exhibits a slightly worse performance
than the ALNS benchmark heuristic for routes with no or few precedence
constraints (i.e., low levels of b), for routes with tight capacity constraints
(i.e., low levels of q), as well as for combined pickup and delivery routes.
However, even in these cases the average deviation does not exceed2%. We
are therefore con�dent that the results we obtained from using the heuris-
tics implemented in OR-Tools are of suf�cient accuracy to not constitute a
major source of bias in our subsequent numerical analysis.

comparison with best -found solutions to li and lim instances
To further illustrate that the chosen local-search-based heuristics are ca-
pable of generating good-quality solutions to our PDP and VRP problem
instances, we apply them to the well-known benchmark instances for the
PDPTW of H. Li et al., 2003with the same run-time limits and parameter
settings we use for our numerical experiments. These 56 instances1 each
contain around 100 coupled pickup and delivery locations to be served
within speci�ed time windows by a set of capacitated vehicles. The size
and complexity of these benchmark instances thus slightly exceeds that of
the instances we need to solve for our numerical experiments (see, Section
2.3.3.3). To re�ect a wide range of realistic settings, the instances differ in
the assumed spatial distribution of the stop locations and average vehicle
capacity. For an in-depth discussion of the structural differences in the

1 The H. Li et al. (2003) instances can be retrieved from http://www.sintef.no/top.



2.3 methodology 41

problem instances presented by H. Li et al. (2003) see Turkensteen et al.
(2017). In Table 2.14 in Supplement 2.7.3.3, we provide a summary table
comparing the best known solutions to the H. Li et al., 2003instances to
the solutions obtained from our heuristic solution methods implemented
with OR-Tools in Python. For 52 out of the 56 reference instances, we were
able to obtain the best known solution within the speci�ed compute time
limit. The remaining 4 instances deviate by less than3.05% from the best
known solution. Since all H. Li et al., 2003instances are slightly larger than
the instances generated for our numerical experiments and need to adhere
to additional stop-level time window constraints, they are computation-
ally more expensive to solve than the instances used for our analysis. It
should be noted that the general problem structure of the problem instances
from H. Li et al., 2003used for this benchmark is the same as that of the
problem instances used for our numerical analysis. In fact, our instances,
given that they do not include stop-level time window constraints, con-
stitute an extreme case of the time-window constrained PDPTW studied
by H. Li et al., 2003. Both fall under the problem family of Rich PDPTWs
(Ropke et al., 2006a). Based on our benchmark, we can therefore assume that
our OR-Tools based implementation of the LS-LNS and LS-GLSheuristic
solution approach outlined in Section 2.3.3.2 is able to provide good quality
solutions to the problem instances considered in our numerical study.

2.3.4 Regression-based Correction for Unaccounted Effects

As we stated above, there are non-trivial effects affecting route ef�ciency.
These effects are caused by vehicle capacity constraints and precedence
constraints in short-circuited transportation requests. In order to system-
atically capture these effects, we apply an ordinary least squares (OLS)
linear regression approach to derive valid estimations on how much these
non-trivial effects in�uence the route ef�ciency in an integrated pickup and
delivery network.

In Equation ( 2.10), we introduce kPD as a lower limit to the true value
of kPD taking into account all route ef�ciency effects that can easily be
captured through existing CA-based approaches. Further, let the term k̃PD

denote the effect of all in�uences on route ef�ciency that are not captured
by CA. We can then de�ne our estimate of kPD as the sum of these two
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terms capturing all relevant route ef�ciency effects that occur in a combined
pickup and delivery route,

kPD (a, b, q) = kPD + k̃PD. (2.13)

By means of regression analysis, we derive estimation functions for k̃PD

for all numerical experiments presented in Section 2.3.3.3: k̃PD (a, q) cap-
tures the non-trivial effects of vehicle capacity constraints (see, Experiment1),
k̃PD (b) captures the effect of the precedence constraints induced by short-
circuiting transportation requests (see, Experiment2.1), and k̃PD (a, b, q)
considers the two aforementioned effects jointly (see, Experiment2.2).

The observation data underlying our regression analysis consists of the
distance ratios d obtained from each of our numerical experiments and
all associated parameter combinations de�ned above (see, Table 2.1). We
�rst calculate the average distance ratio d̄ = 1

nexp
å

nexp

i= 1 di from the nexp = 40

independent instances conducted for each experiment. We then subtract
the previously proposed lower limit to kPD to obtain the mean residual
distance ratio d̄res,

d̄res = d̄ � kPD (a, b) . (2.14)

Regressing over these residuals ensures that all effects that we can ex-
plain based on the CA-based lower limit kPD are no longer included in
the regression data, so that the residual distance ratios d̄res only re�ect the
unobserved, non-trivial route ef�ciency effects. Based on the observed resid-
uals, we de�ne a linear regression function and determine the regression
coef�cients c0 . . .cn that minimize the residual sum of squares to obtain a
good estimator for k̃PD,

k̃PD , d̄res = c0 + c1h1 + c2h2 + . . .+ cnhn + e. (2.15)

2.4 results

2.4.1 The Impact of Vehicle Capacity Constraints

In our �rst set of analyses, we aim to quantify the impact of vehicle capacity
constraints in an integrated �rst-mile pickup and last-mile delivery route.
First, we propose a CA-based lower bound to kPD as a function of the
pickup-to-delivery ratio, kPD (a). We then present the results of our numer-
ical Experiment1. We compare the route ef�ciency levels observed in these
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experiments to our CA-based expectation kPD (a), and discuss potential
effects of varying levels of vehicle capacity constraints on route ef�ciency
that are not fully captured by CA. Lastly, we use regression analysis to
derive the correction factor k̃PD (a, q) adjusting kPD (a) for these effects.

2.4.1.1 CA-based Estimation of Route Ef�ciency Gains

In Equation ( 2.10) we propose a CA-based expression for the maximum
possible ef�ciency gains from integrating pickup and delivery stops on a
joint route. In this analysis, we neglect short-circuiting, i.e., b = 0. Thus,
kPD (a) serves as a lower bound for the effects of integrating pickups and
deliveries on route ef�ciency in absence of any vehicle capacity constraints,
and is given by

kPD (a) =
1

p
1 � a +

p
a

. (2.16)

In order to facilitate the understanding of the following discussion, we
refer the reader to the solid black curve in Figure 2.3, which shows a plot of
Equation (2.16). Intuitively, we do not expect any effect on route ef�ciency
for pure pickup or delivery routes, i.e., for a = 0 or a = 1, so that Equation
(2.16) yields kPD = 1 in these cases. Moreover, Equation (2.16) suggests that
the highest route ef�ciency gains are obtained in perfectly mixed tours, i.e.,
for a = 0.5. In this case,kPD (a = 0.5) = 1p

2
� 0.707, which corresponds to

a maximum ef�ciency gain of approximately 29.3%in terms of expected
reduction in route distance per stop.

Equation (2.16) further suggests that it is always bene�cial to integrate
pickup and delivery operations, as kPD (a) � 1 always holds. However,
due to the parabolic shape of kPD (a), the largest incremental ef�ciency
gains can be realized for a values that are close to the two extremes, i.e.,
for 0.0 � a � 0.2 and 0.8 � a � 1.0. That means that most of the route
ef�ciency gains can already be realized by integrated pickup and delivery
routes in which one of the two request types is still clearly dominant. For
values of a between 0.2 and 0.8, on the other hand, route ef�ciency remains
relatively stable. Therefore, to reap the bene�ts of integrating pickups and
deliveries in the absence of SC, it is not necessarily required to achieve a
perfectly balanced ratio between pickup and delivery shipments ( a = 0.5).
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2.4.1.2 Numerical Experiments

The CA-based expression in Equation (2.16) is not able to capture the
non-trivial in�uence of vehicle capacity constraints. We expect tight vehicle
capacity constraints to make integrated pickup and delivery routes relatively
less ef�cient, as vehicles would more frequently be forced to serve further-
away delivery stops �rst before serving close-by pickup stops, due to a
lack of available carrying capacity. Therefore, we expect kPD (a) to increase
as vehicle capacity decreases. In order to capture this effect, we perform
a regression analysis on the data generated in Experiment1 to obtain an
estimator for a correction factor k̃PD (a, q).

In Figure 2.3, we plot kPD (a) (solid black line) as well as the data obtained
from Experiment1 for an uncapacitated vehicle (boxplots). The boxplots
represent the observed values of the distance ratio d obtained from solving
nexp = 40 independent, random problem instances generated for each level
of a using the heuristics solution approaches discussed in Section 2.3.3.2.
Here, a value of q = 2 corresponds to an uncapacitated vehicle, as for this
parameter setting, it is always ensured that the vehicle can accommodate
all shipments in a single tour (see, Equation (2.11) in Section 2.3.3.3). Since
there are no capacity constraints in place, we expect the experimental data
to vastly coincide with the CA-based estimation of kPD (a). Since Figure
2.3 con�rms this expectation, we can conclude that our experimental setup
provides robust and reliable results.

For small and large pickup-to-delivery ratios, i.e., for a � 0.2and a � 0.8,
respectively, we observe more variation in the data than for intermediary
levels of a. This is mainly because in our experimental setup, one of the
two BC routes contains very few nodes for these edge cases, so that there is
more �uctuation in the obtained route distance.

In Figure 2.4, we plot the mean distance ratios d̄ from our nexp = 40
experiment runs for various vehicle capacity levels q against a and again
compare it to the CA-based expression for kPD (a) curve. We can observe
that as we reduce the vehicle capacity via the capacity parameter q, the
average distance ratio d̄ increases. This con�rms our intuition that the IR is
more heavily affected by tighter capacity constraints than the two BC tours
because the average vehicle capacity utilization is higher in the combined
pickup and delivery tour.

Following Equation (2.14) from Section 2.3.4, we can isolate the non-trivial
effects of vehicle capacity constraints on route ef�ciency by subtracting the
CA-based lower bound to the distance ratio, kPD (a), from the average
distance ratios observed in our experiments, d̄, to obtain the average un-
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Figure 2 .3: Boxplot of the nexp = 40 experiment runs for an uncapacitated ( q = 2)
vehicle and plot of the CA-based expression for kPD (a)

explained residual, d̄res. In Figures 2.5a and 2.5b, we plot d̄res against a for
various levels of q, and against q for various levels of a, respectively. In
Figure 2.5a, we observe an approximately inverse U-shaped pattern in the
residuals that is not only explicable by random noise. As a approaches a
value of 0.5 from either side, d̄res is increasing, with the slope being more
pronounced the lower the value of q, i.e., the more capacity-constrained the
vehicle is. In the uncapacitated case (q = 2), the residual randomly �uctu-
ates around zero. Accordingly, we see in Figure 2.5b that d̄res increases asq
decreases with the slope of the trend being most pronounced for a = 0.5
and strictly declining as a approaches either 0 or 1.

2.4.1.3 Statistical Analysis

To capture the capacity-induced effects on route ef�ciency discussed in
Section 2.4.1.2 in a closed-form correction term k̃PD dependent on a and q,
we propose a linear regression model of the form

k̃PD (a, q) = c0 + c1h1 + e, (2.17)
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Figure 2 .4: Plots of the mean distance ratios d̄ of the nexp = 40 experiment runs
for various vehicle capacity levels q and plot of kPD (a)

where h1 =
� p

1 � a +
p

a � 1
� �

1
q � 1

2

�
is the only independent vari-

able. This functional form of the regressor h1 is chosen since the term� p
1 � a +

p
a � 1

�
proves to capture the inverse U-shape of the relation-

ship between d̄res and a well (cf., Figure 2.5a), and the term
�

1
q � 1

2

�
cap-

tures the asymptotic trend we found for d̄res when plotted against q (cf.,
Figure 2.5b). Moreover, without �rst-mile and last-mile integration ( a = 0, 1)
and for an uncapacitated vehicle (q = 2), h1 is equal to 0 and only the CA-
based expression for kPD (a) remains to explain the route ef�ciency effect
of �rst-mile and last-mile integration.

Table 2.3 summarizes the results of an OLS regression performed on the
data obtained from Experiment1. As measured by the adjusted coef�cient
of determination, R2

adj, our model explains 69.9%of the variation in the

dependent variable d̄res. The coef�cients c0 and c1 amount to � 0.0085and
0.0243, respectively. Using the F-statistic we can reject the null hypothesis
H0 : c0 = c1 = 0 at the 5% signi�cance level. Moreover, c0 and c1 are both
individually signi�cant as tested by the t-statistic.

In absence of capacity constraints (q = 2), the CA-based lower bound to
kPD, kPD, should capture all route integration effects, so that the intercept
c0 in Equation (2.17) should be zero, regardless of the value of a. Therefore,
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(a)

(b)

Figure 2 .5: Plots of d̄res (a) against a for various levels of q, and (b) against q for
various levels of a.

even though the regression results reported in Table 2.3 suggest a statis-
tically signi�cant intercept value of c0 = � 0.0085, we omit any non-zero
intercept in the following. This choice is further supported by an alternative
regression analysis over the distance ratios d̄ instead of the residual distance
ratios d̄res, for which the t-statistic indicates that the intercept c0 is not
signi�cant at the 5%-level (see, Table2.15 in Supplement 2.7.4). We can thus
expresskPD (a, q), capturing the route ef�ciency effect of �rst-mile pickup
and last-mile delivery integration as well as capacity constraints, as

kPD (a, q) � kPD (a) + k̃PD (a, q) =
1

p
1 � a +

p
a

(2.18)

+ c1

� p
1 � a +

p
a � 1

� �
1
q

�
1
2

�
,

where c1 � 0.0243.
In order to assess the accuracy and robustness of the proposed linear

regression model, we use a5-fold cross-validation ( CV) approach. The set
of observations is randomly split into 5 folds of approximately equal size.
One fold is treated as the test set, while the regression model is �t on the
remaining 4 folds, representing the training set. R2

adj is then computed on
the held-out fold. This procedure is repeated 5 times with a different group
of observations treated as the test set each time. Table2.4 summarizes
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Table 2 .3: Summary of OLS regression analysis for Experiment 1

R-squared 0.700 F-statistic 534.9
Adj. R-squared 0.699 Prob (F-statistic) 0.000
AIC -1295 Log-Likelihood 645.71
BIC -1289

coef. std. err. t p [95% Conf. Int.]
const. -0.0085 0.001 -7.076 0.000 -0.011 -0.006
h1 0.0243 0.001 23.127 0.000 0.022 0.026

Skew 0.319 Durbin-Watson 1.199
Kurtosis 2.923 Breusch-Godfrey (BG) 228.6
Jarque-Bera (JB) 3.967 Prob(BG) 0.514
Prob (JB) 0.138

the R2
adj-values and the parameter estimates for the models �tted on the 5

training and test data sets. Both the parameter estimates and the R2
adj-values

deviate only minimally from those of the full regression model. We can
thus conclude that the regression model is not prone to changes in the
underlying data and is capable of accurately describing the simulation data.
In Figure 2.6, we plot the average DRs obtained from our �rst experiment,
d̄, against a for various levels of q and include the corresponding regression
plots derived above in order to visually demonstrate the good �t between
the simulation data and the regression function kPD (a, q).

Table 2 .4: Summary of 5-fold CV results for Experiment 1

Fold c0 c1 R2
adj train R2

adj test

1 � 0.0081��� 0.0235��� 0.698 0.693
2 � 0.0082��� 0.0237��� 0.699 0.685
3 � 0.0097��� 0.0257��� 0.683 0.710
4 � 0.0087��� 0.0245��� 0.713 0.614
5 � 0.0081��� 0.0245��� 0.700 0.680

Signi�cance levels: � p < 0.05, �� p < 0.01, ��� p < 0.001
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Figure 2 .6: 3D-plot of d̄ against a and q including the corresponding regression
lines

2.4.2 The Impact of Short-circuited Shipments

Our second analysis consists of two parts. First, we aim to quantify the
impact of precedence constraints induced by short-circuiting transportation
requests on route ef�ciency in an integrated �rst-mile pickup and last-mile
delivery route. Second, we consider the joint impact of such precedence
constraints and vehicle capacity constraints. We begin by presenting an
CA-based expression for a lower bound to kPD in presence of pickup and
delivery integration ( 0 < a < 1) and short-circuited local transportation
requests (b > 0), kPD (a, b). Based on the results of our numerical Experi-
ments2.1 and 2.2, we then compare the observed route ef�ciency levels to
our CA-based expectationkPD (a, b). We discuss potential effects of varying
levels of (i) short-circuiting, and (ii) both short-circuiting and vehicle capac-
ity constraints on route ef�ciency that are not fully captured by CA-based
methods. Lastly, we use regression analysis to derive the correction factors
k̃PD (b) and k̃PD (a, b, q) adjusting kPD (a, b) for these effects.

2.4.2.1 CA-based Estimation of Route Ef�ciency Effects

In this second analysis, we consider the effect of short-circuiting. Let
kPD (a, b) denote a lower bound to the effects of integrating pickup and
delivery operations on route ef�ciency, allowing for SC of transportation
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requests while abstracting from any vehicle capacity constraints as well
as any precedence constraints from pickups and deliveries associated to
short-circuited transportation requests. Based on Equation ( 2.10), it can be
shown that this lower bound to kPD is given by

kPD (a, b) =

p
1 + 2b

p
1 � a + b +

p
a + b

. (2.19)

In order to facilitate the understanding of the following discussion, we
refer the reader to the solid curves in Figure 2.7, which shows plots of
Equation (2.19) for various levels of b. We observe that the introduction of
SCtransportation requests, i.e., b 6= 0, leads to a �attening of the parabolic
relationship between the distance ratio d and a towards the extreme ends
of the a-axis. In other words, for a = 0 and a = 1, the expected distance
ratio d falls below 1. The higher the number of SCrequests in a route, i.e.,
the higher the value of b, the closer the route composition comes to a 1:1
ratio of pickup over delivery operations, and the less pronounced is the
in�uence of a on the distance ratio d.

However, as we introduce SC of transportation requests (i.e., b > 0),
route ef�ciency is also affected by so-called precedence constraints on the
pickups and deliveries associated to these requests. To perform the delivery
associated to any given SC request, the vehicle �rst needs to perform
the corresponding pickup. Depending on the exact pickup and delivery
locations within the service area, this can lead to detours that cannot be
captured by CA-based methods. In Experiment2.1, we therefore numerically
assess the impact of precedence constraints on route ef�ciency for various
levels of b. In Experiment2.2, we further quantify to what extent route
ef�ciency is affected when both precedence constraints from short-circuited
transportation requests and vehicle capacity constraints are present and
whether this leads to interaction effects between both types of constraints.

2.4.2.2 Numerical Experiments

the effect of precedence constraints The CA-based expression
in Equation ( 2.19) is not able to capture the non-trivial effects of short-
circuiting-induced precedence constraints. We expect a high level of SC, i.e.,
more pronounced precedence constraints, to make integrated pickup and
delivery routes relatively less ef�cient, as vehicles would more frequently
be forced to deviate from a geographically optimal route sequence in
order to perform the pickup stops associated to the increasing number of
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SC transportation requests before the corresponding delivery stops can be
performed. Therefore, we expect kPD (a, b) to increase as the short-circuiting
ratio b increases. In order to capture this effect, we perform a regression
analysis on the data generated in Experiment2.1 to obtain an estimator for a
correction factor k̃PD (b).

In Figure 2.7, we plot kPD (a, b) for various levels of b (gray lines) as well
as a subset of the data obtained from Experiment2.1. The plotted values
constitute the means of the nexp = 40 independent problem instances
generated for each a-b-combination . We can observe the characteristic
parabolic shape when plotting the distance ratios d̄ against a for b = 0,
and con�rm that the experimental data vastly coincides with the CA-based
estimate of kPD (a, b). As we increase the level of SC, represented by an
increase in b, we observe that the average distance ratio d̄ also increases.
This con�rms our assumption that the IR is heavily affected by precedence
constraints and becomes less ef�cient in comparison to the two BC tours.
The BC tours remain unaffected because the pickup and delivery part of
the SCrequests are decoupled so that there are no precedence constraints
imposed on these tours. As b increases further, the marginal rate at which
route ef�ciency deteriorates decreases. We can therefore conclude that an
increasing number of precedence constraints makes an integrated pickup
and delivery tour asymptotically less ef�cient in comparison to separate
tours. The maximum ef�ciency loss amounts to approximately 10%, as
shown in Figure 2.7.

Following Equation (2.14) from Section 2.3.4, we again isolate the non-
trivial effects of precedence constraints on route ef�ciency by subtracting
the CA-based lower bound to the distance ratio, kPD (a, b), from the average
distance ratios observed in our experiments, d̄, to obtain the unexplained
residual, d̄res. In Figures 2.8a and 2.8b, we plot d̄res against a for various
levels of b, and against b for various levels of a, respectively.

In Figure 2.8a, we observe no speci�c pattern in the residuals of the
various levels of b that goes beyond random noise. We can therefore con-
clude that the precedence constraints negatively in�uence the ef�ciency of
integrated pickup and delivery tours regardless of the underlying degree of
pickup and delivery integration ( a). In Figure 2.8b, we see that d̄res increases
as b increases with the slope of the trend being most pronounced for small
values of b. This again stresses our �nding from above that the precedence
constraints make an integrated route asymptotically less ef�cient and that
the maximum ef�ciency loss amounts to around 10%.
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Figure 2 .7: Plot of d̄ against a for an uncapacitated (q = 2) vehicle and various
levels of b and plot of the CA-based expression for kPD (a, b)

the joint effect of precedence and vehicle capacity con -
straints In Experiment2.2, we aim at quantifying the non-trivial effects
that vehicle capacity constraints and precedence constraints jointly have
on the route ef�ciency of an integrated pickup and delivery route and that
are not captured by the CA-based expression in Equation (2.19). Based on
our �ndings from Experiment1 and Experiment2.1, we expect both, tight
vehicle capacity constraints and an increasing level of short-circuiting, to
make integrated pickup and delivery routes relatively less ef�cient. In other
words, we expect kPD (a, b, q) to increase as vehicle capacity decreases and
as the number of SCrequests increases. So far, we considered these effects
separately, not taking into account any cross-effects that might occur when
capacity and precedence constraints are present simultaneously. In order to
capture these potential cross-effects, we perform a regression analysis on
the data generated in Experiment2.2 to obtain an estimator for a correction
factor k̃PD (a, b, q).

In Figure 2.9, we plot kPD (a, b) for various levels of b (continuous,
dashed and dotted lines). The characteristic parabolic shape of kPD over
a gradually �attens out as b increases. Moreover, we plot a subset of the
data obtained from Experiment2.2. The plotted values again constitute the
means of the nexp = 40 independent problem instances generated for each
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(a)

(b)

Figure 2 .8: Plots of d̄res (a) against a for various levels of b, and (b) against b for
various levels of a.

a-b-q-combination . In line with our �ndings from Experiment1, we see that
the simulated distance ratios d̄ are shifted upwards when reducing the
vehicle capacity constant from q = 2 (light gray) to q = 0.2 (dark gray), i.e.,
the integrated tour becomes less ef�cient in comparison to the two BC tours.
Moreover, in line with our �ndings from Experiment2.1, we observe that
the average distance ratio d̄ increases when we increase theSCparameter b
and keep the vehicle capacity at a constant level.

We again isolate the non-trivial effects of vehicle capacity and precedence
constraints on route ef�ciency by subtracting the CA-based lower bound to
the distance ratio, kPD (a, b), from the average distance ratios observed in
our experiments, d̄, to obtain the unexplained residual, d̄res. In Figure 2.10,
we plot d̄res against a, b and q, respectively. In Figure 2.10a, we again observe
an approximately inversely U-shaped pattern in the residuals for q = 0.2
(black markers). As b increases, this pattern is gradually shifting upwards
and becoming superimposed by random noise. For the uncapacitated case,
i.e., q = 2 (lighter markers), we again detect no speci�c pattern in the
residuals of the various levels of b. In Figure 2.10b, we see that d̄res increases
as b increases, with the slope of the trend being most pronounced for small
values of b. As the capacity constraints become tighter (q = 0.2), the d̄res

values increase and become more dispersed for the various levels ofa. From
Figure 2.10c, we see thatd̄res increases asq decreases with the slope of the
trend being most pronounced for a = 0.5 and declining as a increases. As
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Figure 2 .9: Plot of d̄ against a for q = 2 and q = 0.2 and various levels of b and
schematic plot of the CA-based expression for kPD (a, b)

b increases from 0 (light gray markers) to 0.5 (black markers), the sequence
of points is shifted upwards, i.e., d̄res increases. Based on this discussion,
we can conclude that our �ndings from Experiment1 (i.e., tighter vehicle
capacity constraints lead to less ef�cient integrated routes) and Experiment
2.1 (i.e., more precedence constraints lead to less ef�cient integrated routes)
also hold true for the combined case studied in Experiment2.2. The two
effects seem to simply superimpose each other and we could not detect any
signi�cant cross-effects between them.

2.4.2.3 Statistical Analysis

accounting for the effect of precedence constraints To
capture the precedence-induced effects on route ef�ciency discussed in
Section 2.4.2.2 in a closed-form correction term k̃PD dependent on b, we
propose a linear regression model

k̃PD (b) = c0 + c1h1 + e, (2.20)

where h1 = bp
1+ b2

is the only independent variable. This functional form of

the regressor h1 is chosen since is proves to well capture the asymptotically
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(a)

(b)

(c)

Figure 2 .10: Plots of d̄res (a) against a, (b) against b, and (c) against q.

rising trend of d̄ when plotted against b (cf., Figure 2.8b). As we could not
detect any dependencies betweend̄ and a (cf., Figure 2.8a), a is not included
as a regressor in Equation (2.20).

Table 2.5 summarizes the results of an OLS regression performed on the
data obtained from Experiment2.1. As measured by the adjusted coef�cient
of determination, R2

adj, our model explains 92.0% of the variation in the de-

pendent variable d̄res. Using the F-statistic we can reject the null hypothesis
H0 : c0 = c1 = 0 at the 5% signi�cance level. The coef�cient c1 amounts to
0.1006and is signi�cant at the 5% level. However, the intercept c0 is very
small (� 0.0018) and statistically not signi�cant (p-value of 0.353). This is in
line with the expectation that in absence of precedence constraints (b = 0),
the CA-based lower bound to kPD, kPD, should capture all route integration
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Table 2 .5: Summary of OLS regression analysis for Experiment 2.1

R-squared 0.921 F-statistic 1016.0
Adj. R-squared 0.920 Prob (F-statistic) 0.000
AIC -578.6 Log-Likelihood 291.29
BIC -573.6

coef. std. err. t p [95% Conf. Int.]
const. -0.0018 0.002 -0.933 0.353 -0.006 0.002
h1 0.1006 0.003 31.882 0.000 0.094 0.107

Skew -0.410 Durbin-Watson 0.563
Kurtosis 2.956 Breusch-Godfrey (BG) 88.16
Jarque-Bera (JB) 2.499 Prob(BG) 0.404
Prob (JB) 0.287

effects, so that the intercept c0 in Equation ( 2.20) should be zero. Thus, we
can statistically and intuitively justify setting the intercept c0 = 0. We can
thus express kPD (a, b), capturing the route ef�ciency effect of �rst-mile
pickup and last-mile delivery integration as well as precedence constraints,
as

kPD (a, b) � kPD (a, b) + k̃PD (b) =

p
1 + 2b

p
1 � a + b +

p
a + b

(2.21)

+ c1
b

p
1 + b2

,

where c1 � 0.1006.
To assess the accuracy of the linear regression model proposed forEx-

periment2.1, we again use a 5-fold CV approach, as discussed in Section
2.4.1.3. Table 2.6 summarizes the R2

adj-values and the parameter estimates
for the models �tted on the 5 training and test data sets. Both the parameter
estimates and the R2

adj-values deviate only minimally from those of the full
regression model. We can thus conclude that the regression model is not
prone to changes in the underlying data and is capable of accurately de-
scribing the simulation data. In Figure 2.11, we plot this regression function
against a and b and also include the average distance ratios obtained from
Experiment2.1 in order to visually demonstrate the good �t between the
experimental data and kPD (a, b).
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Table 2 .6: Summary of 5-fold CV results for Experiment 2.1

Fold c0 c1 R2
adj train R2

adj test

1 � 0.0015 0.1013��� 0.919 0.919
2 � 0.0033 0.1013��� 0.927 0.880
3 0.0008 0.0971��� 0.918 0.895
4 � 0.0026 0.1015��� 0.918 0.916
5 � 0.0022 0.1015��� 0.920 0.914

Signi�cance levels: � p < 0.05, �� p < 0.01, ��� p < 0.001

Figure 2 .11: 3D-plot of d̄ against a and b including the corresponding regression
lines

accounting for the combined effect of precedence constraints
and vehicle capacity To capture the precedence- and capacity-
induced effects on route ef�ciency jointly in a closed-form correction term
k̃PD dependent on a, b and q, we propose a linear regression model of the
form

k̃PD (a, b, q) = c0 + c1h1 + c2h2 + e, (2.22)

where h1 =
� p

1 � a +
p

a � 1
� �

1
q � 1

2

�
and h2 = bp

1+ b2
. For the two

independent variables h1 and h2, we chose the same functional forms as
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in Experiment1 and Experiment2.1. h1 proved to be a suitable variable
to quantify the route ef�ciency losses due to vehicle capacity constraints,
while h2 captures the non-trivial effects of precedence constraints on route
ef�ciency. In our analysis of Experiment2.2 in Section 2.4.1.2, we did not
detect any cross-effects between the capacity and precedence constraints.
Therefore, no further independent variable is required in Equation ( 2.22).

Table 2 .7: Summary of OLS regression analysis for Experiment 2.2

R-squared 0.847 F-statistic 1072.0
Adj. R-squared 0.846 Prob (F-statistic) 0.000
AIC -2251 Log-Likelihood 1128.6
BIC -2239

coef. std. err. t p [95% Conf. Int.]
const. -0.0073 0.001 -5.714 0.000 -0.010 -0.005
h1 0.0356 0.001 29.529 0.000 0.033 0.038
h2 0.1042 0.003 35.259 0.000 0.098 0.110

Skew 0.552 Durbin-Watson 1.021
Kurtosis 4.106 Breusch-Godfrey (BG) 387.6
Jarque-Bera (JB) 39.678 Prob(BG) 0.510
Prob (JB) 0.000

Table 2.7 summarizes the results of an OLS regression performed on the
data obtained from Experiment2.2. As measured by the adjusted coef�cient
of determination, R2

adj, our model explains 84.6% of the variation in the de-

pendent variable d̄res. Using the F-statistic we can reject the null hypothesis
H0 : c0 = c1 = c2 = 0 at the 5% signi�cance level. The coef�cients c1 and
c2 amount to 0.0356and 0.1042, respectively and they are both statistically
signi�cant at the 5% level. The intercept c0 = � 0.0073again takes a very
small value. In absence of capacity constraints (q = 2) and precedence
constraints (b = 0), the CA-based lower bound should capture all route
integration effects, so that the intercept c0 in Equation (2.22) should be
zero, regardless of the value of a. Therefore, even though the regression
results reported in Table 2.7 suggest a statistically signi�cant intercept
value of c0 = � 0.0073, we omit the non-zero intercept. This choice is again
supported by the alternative regression analysis over the distance ratios d̄
instead of the residual distance ratios d̄res (see, Table2.16 in Supplement
2.7.4). We can thus expresskPD (a, b, q), capturing the route ef�ciency effect
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of �rst-mile pickup and last-mile delivery integration as well as vehicle
capacity and precedence constraints, as

kPD (a, b, q) � kPD (a, b) + k̃PD (a, b, q) (2.23)

=

p
1 + 2b

p
1 � a + b +

p
a + b

+ c1

� p
1 � a +

p
a � 1

� �
1
q

�
1
2

�
+ c2

b
p

1 + b2
,

where c1 � 0.0356and c2 � 0.1042. The above stated relation is plotted
against a for q = 2 and for q = 0.2 in Figure 2.12(a) and (b), respectively.
We further show the average DRs obtained from Experiment2.2 in order
to visually demonstrate the good �t between the simulation data and the
regression function kPD (a, b, q).

(a) q = 2 (b) q = 0.2

Figure 2 .12: Plots of d̄ against a and b (a) for q = 2, and (b) for q = 0.2, including
the corresponding regression lines

In order to assess the accuracy of the linear regression model proposed
for Experiment2.2, we again use a5-fold CV approach, as discussed before.
Table 2.8 summarizes the R2

adj-values and the parameter estimates for the
models �tted on the 5 training and test data sets. Both the parameter
estimates and the R2

adj-values deviate only minimally from those of the
full regression model. We can thus conclude that the regression model is
not prone to changes in the underlying data and is capable of accurately
describing the simulation data.
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Table 2 .8: Summary of 5-fold CV results for Experiment 2.2

Fold c0 c1 c2 R2
adj train R2

adj test

1 � 0.0072��� 0.0369��� 0.1009��� 0.847 0.791
2 � 0.0071��� 0.0345��� 0.1065��� 0.845 0.841
3 � 0.0078��� 0.0359��� 0.1034��� 0.840 0.865
4 � 0.0068��� 0.0351��� 0.1046��� 0.856 0.790
5 � 0.0077��� 0.0359��� 0.1058��� 0.834 0.889

Signi�cance levels: � p < 0.05, �� p < 0.01, ��� p < 0.001

2.5 case study

To illustrate the real-world relevance of our �ndings for urban �rst- and
last-mile logistics operational planning and strategic system design, we
apply the theory developed in this paper to actual data from the �rst-mile
pickup and last-mile delivery operations of a major e-commerce market-
place and logistics service provider in India, Flipkart, Inc.. Speci�cally, we
consider the case of one of Flipkart's most important markets, the city
of Bengaluru in southern India, with a population of approximately 12.4
million. Flipkart employs a workforce of more than 30,000people (2016) in
India, and is generating more than US$ 2.6 billion in annual revenue ( 2017).
The company's �rst-mile / last-mile network has grown organically over
years. In the Bengaluru metropolitan area, Flipkart maintains a two-echelon
distribution network with one major distribution center ( DC) and 17 local
ful�llment hubs (transshipment points) through which it ful�lls around
20, 000delivery requests and around 3, 100local pickup requests daily. In
the dense and highly congested streets of Bengaluru, roughly 90% of all
parcels are delivered by motorbikes while the remaining 10% are covered
by small vans or motorized tricycles. Due to tight competition on the In-
dian e-commerce market, the company needs to remain cost competitive,
especially along the �rst and last mile of the delivery process. A �rst step
towards a more ef�cient logistics network can be the integration of the sep-
arate urban �rst- and last-mile operations. In this case study, we therefore
quantify the impact of combining the �rst-mile pickup and the last-mile
delivery routes on the distance traveled in Flipkart's logistics network of
Bengaluru by applying the theory developed in this paper.



2.5 case study 61

2.5.1 Data

For this case study, we use real data from Flipkart's Bengaluru pickup
and delivery operations spanning 12 consecutive months from January to
December 2016. In Figure 2.13(a) and (b), we show the average number
of daily deliveries and pickups in the Bengaluru network, respectively.
Here, each square represents an area of500� 500 meters. From Figure
2.13(a), we see that the average number of daily deliveries increases from
the more residential outskirts of the city to the dense business areas in
the city center, where it reaches its maximum of 92 daily deliveries per
0.25 km2. In Figure 2.13(b), we cannot detect any signi�cant spacial trends
in the distribution of daily pickups. They are geographically more evenly
distributed with the highest average daily pickup demand amounting to 18
pickups per 0.25 km2. Based on the annual pickup and delivery demand in
the two separate networks, we calculate the pickup-to-delivery ratio a for
each demand area (see, Equation (2.5)). In Figure 2.13(c), we show a heat
map of the observed a-values in Bengaluru. Most areas exhibit values of
a < 0.5, given that last-mile deliveries clearly dominate Flipkart's Bengaluru
operations. The averagea-value across the city is 0.232and in general, a-
values tend to be higher towards the outskirts of the city. Throughout this
case study, we assume that both pickup and delivery shipments are not
consolidated, i.e., r d = r p = 1.

(a) (b) (c)

Figure 2 .13: Demand intensity in Flipkart's (a) last-mile delivery, and (b) �rst-
mile pickup networks, as well as (c) corresponding a-values.

Compared to our stylized analyses in the previous sections, assessing
the impact of pickup and delivery integration on route ef�ciency based on
real operational data requires us to revisit the validity of the assumptions
underlying the CA-based methods we rely on for our analysis. Speci�cally,
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the common assumption of stop locations being uniformly distributed in
two-dimensional space is unlikely to hold in real-world urban applications.
Without providing any formal evidence here, it appears reasonable to
assume that stop locations for both pickups and deliveries closely follow
the urban road network rather than being uniformly distributed across the
urban area. With the emergence of high-resolution urban road network
data from sources such asOpenStreetMaps(The OpenStreetMap Foundation,
2019) or Google Maps, a stream of academic literature emerged that studies
the effect of real road network topologies on route ef�ciency and the
directness of travel, which is typically captured in so-called circuity factors
(see, e.g., Ballou et al.,2002; Giacomin et al., 2015; Levinson et al., 2009;
Newell, 1980). Most recently, Merchán et al., 2019study the effect of urban
road network characteristics on circuity and the ef�ciency of last-mile
delivery routes as an extension to extant CA methods. In this case study,
however, we choose to abstract from circuity effects of the real road network.
While neglecting the real road network properties certainly constitutes a
limitation to the accuracy and generalizability of our case study �ndings, we
believe that for the purpose of this paper, it is a reasonable simpli�cation.
Since the pickup, delivery, and integrated routes we are comparing are
realized to a large extent on the same underlying road network, it appears
reasonable to assume that their respective lengths would be very similarly
affected by detours and other travel inef�ciencies imposed by that road
network. Since the focus of analysis within our study is the ratio of the
expected distances of these routes (cf., Equation(2.7) in Section 2.3.2 and
Equation (2.12) in Section 2.3.3.3), we would expect that these circuity effects
cancel out for the most part when computing that ratio, as long as we are
assuming that the physical locations of both pickup and delivery stops are
equally biased by the underlying road network and thus follow the same
spatial distribution.

2.5.2 Analysis of Current Operations

In Flipkart's current operations, no integration of last-mile delivery and �rst-
mile pickup routes takes place ( a = 0), and therefore, no local shipments
are being short-circuited within a route either ( b = 0). Unfortunately, while
we had access to detailed data on the type and distribution of pickup an
delivery requests that the company needs to serve, we had no information
on the actual routes performed to service these requests in reality. To
establish a meaningful baseline of comparison for our case study analysis,
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we therefore assume that both delivery and pickup routes are currently
planned ef�ciently. That means, we assume that vehicles are currently fully
loaded when leaving from or returning to the depot, which corresponds
to q = 1. While this is of course an idealistic assumption, we chose to
assume a high level of ef�ciency in the company's current route planning
and operations in absence of any better information, as this assumption
yields more conservative estimates for the potential ef�ciency gains from
integrating pickup and delivery operations. Moreover, since we construct
the integrated pickup and delivery routes in our case study by minimizing
their total distance traveled, it is only fair to compare these hypothetical
integrated routes to a baseline of equally distance optimized disjoint pickup
and delivery routes.

Following Equation (2.1), we can compute the total traf�c footprint of
Flipkart's current local delivery and pickup operations in terms of total

distance traveled
h

km
year

i
as well as the corresponding average route ef�ciency

in terms of distance per stop
h

km
stop

i
, given the baseline assumptions stated

above. For the remainder of this section, we will report potential route
ef�ciency effects relative to this hypothetical baseline.

traffic footprint The annual traf�c footprint of Flipkart's current
last-mile delivery operations in Bengaluru amounts to approximately
1, 283, 000km

year , which corresponds to approximately 4, 100 kmper (working)
day. The annual traf�c footprint of the company's �rst-mile pickup opera-
tions in Bengaluru amounts to approximately 433, 000km

year , corresponding
to a daily average of around 1, 400 km. Thus, the total annual traf�c foot-
print of both networks amounts to approximately 1, 716, 000km

year or 5, 500km
day .

Figure 2.14(a) and (b) shows the spatial distribution of Flipkart's annual
traf�c footprint for its last-mile delivery and �rst-mile pickup operations,
respectively. At the 500� 500 m level, we observe annual distances traveled
between 73 and 1, 735 km in the delivery network and between 73 and
772 km in the pickup network.

route efficiency The average ef�ciency of Flipkart's current last-mile
delivery routes in Bengaluru amounts to approximately 0.4957km

stop . The cur-

rent �rst-mile pickup routes are considerably less ef�cient with 0.7098km
stop ,

given the lower density of pickup requests. The demand-weighted average
route ef�ciency across both operations amounts to 0.5039km

stop . Figure 2.15(a)
and (b) shows the spatial distribution of route ef�ciency levels for Flipkart's
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(a) (b)

Figure 2 .14: Traf�c footprint
h

km
year

i
in Flipkart's (a) last-mile delivery, and (b)

�rst-mile pickup networks.

current last-mile delivery and �rst-mile pickup operations, respectively.
At the 500� 500 m level, we observe route ef�ciency levels between 0.06
and 1.41km

stop in the delivery network and between 0.13and 1.41km
stop in the

pickup network. As expected, route ef�ciency generally follows the spatial
distribution of demand density (cf., Figure 2.13).

2.5.3 Analysis of Scenarios of Future Operations

Building on the route distance proportionality factor kPD, which we es-
tablished in Section 2.3, we can quantify the route ef�ciency and traf�c
footprint effects of integrating Flipkart's �rst-mile pickup and last-mile
delivery operations in Bengaluru with the help of Equations (2.18), (2.21)
and (2.23).

As outlined above, we assume for the base case of separate delivery and
pickup routes that routes are ef�ciently planned ( q = 1). Then, within any
given area of demand, the total number of vehicles required to serve
this area on separate delivery and pickup routes can be estimated as
nd+ 2nsc+ np

Q . As we integrate pickup and delivery operations in combined

routes, the number of vehicles required reduces to
max(nd+ nsc,np+ nsc)

Q <
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(a) (b)

Figure 2 .15: Route ef�ciency
h

km
stop

i
in Flipkart's (a) last-mile delivery, and (b)

�rst-mile pickup networks.

nd+ 2nsc+ np
Q . In case of no rationalization of Flipkart's current �eet, the ca-

pacity scaling constant q after integrating pickups and deliveries becomes

q0 = nd+ 2nsc+ np

max(nd+ nsc,np+ nsc)
> 1. Once Flipkart uses the ef�ciency gains from

integrating pickups and deliveries to rationalize its �eet, we can assume
that the capacity scaling constant reverts to q00= 1.

2.5.3.1 Integrating Pickup and Delivery Operations

route efficiency By integrating its �rst-mile pickup and last-mile
delivery networks and rationalizing its vehicle �eet ( q00= 1), Flipkart can
improve its average route ef�ciency by 14.6%to 0.4304km

stop compared to the
status quo (c.f., Section2.5.2). If no �eet rationalization takes place and all
demand is served with the current �eet ( q0 > 1), Flipkart can expect slightly
better route ef�ciency levels ( 0.4292km

stop , 14.8%improvement on average),
since the excess capacity gives vehicles more room to follow a distance
minimizing route sequence.

traffic footprint The total traf�c footprint of Flipkart's transporta-
tion network after �rst- and last-mile integration and �eet rationalization
(q00= 1) amounts to approximately 1, 436, 000km

year , which corresponds to a
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daily average of around 4, 600km
day . Flipkart can thus reduce its traf�c impact

on Bengaluru by around 16.3%in comparison to operating two separate
networks. If Flipkart does not rationalize its �eet after network integration
(q0 > 1), it can even expect a slightly lower traf�c footprint of approximately
1, 432, 000km

year , which corresponds to an improvement of 16.5%compared
to the status quo.

comparison with base case Figure 2.16(a) depicts the relative route
ef�ciency improvement and thus the relative traf�c footprint reduction
across Bengaluru compared to the status quo (cf., Section2.5.2) and as-
suming a fully rationalized �eet. In some areas of the city, traf�c footprint
reductions of up to 28.5%can be achieved. Following Equation (2.18) estab-
lished in Section 2.4.1, these route distance savings are particularly high
when pickup and delivery demand is relatively balanced ( 0.2 � a � 0.8).
As we see from Figure 2.16(a), this mostly applies to the less central parts
of Bengaluru, where we observe the highest relative savings. Figure 2.16(b)
depicts the absolute route ef�ciency gain across Bengaluru compared to
the status quo (cf., Section2.5.2) and assuming a fully rationalized �eet.
In some areas in the outskirts of Bengaluru, route ef�ciency gains of up
to 0.38 km

stop are possible. Figure 2.16(c) depicts the absolute traf�c footprint
reduction across Bengaluru compared to the status quo (cf., Section2.5.2)
and assuming a fully rationalized �eet. In some areas, route traf�c footprint
reductions of up to 340 km

year are possible. Absolute traf�c reductions are
especially high in distinct areas in the city center where absolute demand
is high.

2.5.3.2 Short-circuiting Local Transportation Requests

In addition to the effect of pickup and delivery integration, we can estimate
the effect of allowing for SCof local transportation requests. To illustrate
this effect, we assume and analyze a hypothetical case in which 20% of
all pickups or deliveries, whichever of the two request types arises less
frequently in a given service area, can be short-circuited, i.e., ful�lled along
a single route without transshipment at any depot.

route efficiency By integrating its �rst-mile pickup and last-mile
delivery networks, rationalizing its vehicle �eet ( q00= 1), and introducing
short-circuiting of local shipments as outlined above, Flipkart can improve
its average route ef�ciency by 11.4%to 0.4463km

stop . If all demand is served
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(a) (b) (c)

Figure 2 .16: (a) Relative route ef�ciency gains [%] and traf�c footprint reductions

[%], (b) absolute route ef�ciency gains
h

km
stop

i
, and (c) absolute traf�c

footprint reductions
h

km
year

i
in Flipkart's integrated pickup and de-

livery network for fully utilized vehicles in comparison to the base
case

with the current �eet ( q0 > 1), Flipkart can expect a route ef�ciency of 11.7%
in comparison to the base case with separate tours. In both cases, this is
equivalent to a reductionin route ef�ciency of around 3.7%in comparison
to a network without SC (cf., Section2.5.3.1).

traffic footprint The total traf�c footprint of Flipkart's transporta-
tion network after �rst- and last-mile integration, full rationalization of
its vehicle �eet ( q00= 1), and introduction of short-circuiting amounts
to approximately 1, 488, 000km

year , which corresponds to a daily average of

around 4, 700km
day . Flipkart can thus reduce its traf�c impact on Bengaluru

by 13.3%in comparison to operating two separate networks. If Flipkart did
not rationalize its �eet after network integration and the introduction of
SC(q0 > 1), it could reduce its traf�c footprint by 13.5%. In both cases, this
is an increase in the total distance traveled of around 3.6%compared to a
network without SC (c.f., Section2.5.3.1).

comparison with base case Figure 2.17 depicts the relative change
in route ef�ciency and traf�c footprint across Bengaluru from integrating
pickups and deliveries and introducing a SC level of 20% under the as-
sumption of a fully rationalized �eet. Figure 2.17(a) shows the change in
comparison to the status quo, while Figure 2.17(b) shows the change relative
to the scenario without short-circuiting. We see that route ef�ciency gains
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/ traf�c footprint reductions of up to 21.7%are possible in comparison
to the base case established in Section2.5.2. Further, we observe that in
some areas of Bengaluru, route ef�ciency reduces by up to 13.4%due to the
introduction of shipment SC, leading to a correspondingly higher traf�c
footprint. The negative impact of SCon the route level does not necessarily
imply that short-circuiting of local shipments is disadvantageous in general.
On the networklevel, SCcan still make integrated �rst-mile pickup and last-
mile delivery operations more ef�cient, as short-circuited shipments forego
transshipment cost at the depot, such as the cost for unloading, storing,
repackaging, and loading. Further, SC-parcels help freeing up capacity in
the vehicle �eet because they do not travel the line-haul distance between
service area and depot.

(a) (b)

Figure 2 .17: Relative change in route ef�ciency and traf�c footprint in Flipkart's
integrated pickup and delivery network for fully utilized vehicles in
comparison to (a) separate networks, and (b) integrated networks
without short-circuiting.

2.6 conclusion

In this paper, we analyze the route ef�ciency trade-offs that emerge from
combining �rst-mile pickup and last-mile delivery operations in an urban
distribution system. The extant literature on continuum approximation of
optimal route distances is heavily focused on optimizing each of the two
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operations individually. However, the use of shared �eets for urban �rst-
mile and last-mile operations is a topic of high relevance in light of rapidly
increasing online-retailing on the one hand and increasingly congested
urban infrastructure on the other hand. We thus build on the existing
literature and propose adjustment factors that account for the effects of
integrated pickup and delivery operations on expected inter-stop distances.
By means of extensive numerical experiments and regression analysis, we
re�ne these factors to also account for non-trivial route ef�ciency trade-offs
which cannot easily be captured with existing continuum approximation
(CA)-based methods.

Being able to accurately assess the route ef�ciency impact of integrating
�rst-mile pickups and last-mile deliveries and potentially short-circuiting lo-
cal shipments within a route constitutes an important extension to existing
CA-based route length estimations. This helps to improve CA-based hierar-
chical heuristic solution methods to the integrated LRP – a problem class
that is fundamental to the design of ef�cient �rst- and last-mile logistics
networks. Appropriately capturing the non-trivial route ef�ciency effects
described above allows companies to design networks that are better suited
for the integration of on-demand couriers and other crowd-sourced carrier
capacities. Since these capacities are in increasingly high demand and there-
fore increasingly scarce, it is critical for the scalability and cost-ef�ciency of
such logistics networks to utilize individual courier capacities as much as
possible. Integrating pickup and delivery operations is an important lever
to increase courier utilization.

Our analyses suggest that the ef�ciency gains emerging from integrating
�rst-mile pickup and last-mile delivery operations can be as high as 30%
even if the number of pickup and delivery requests in a route is far from
balanced. However, the route ef�ciency gains are highly sensitive to vehicle
capacity constraints which progressively harm tour ef�ciency. Moreover,
we �nd that the precedence constraints imposed by the short-circuiting of
local pickup and delivery requests within single routes have a deleterious
effect on route ef�ciency gains, reducing them by up to 10%.

We formalize our �ndings in a set of closed-form adjustment factors to
further improve existing frameworks of continuum approximation-based
route length estimation. In a comprehensive case study based on real-world
data from one of India's largest e-commerce platforms, Flipkart, we illus-
trate how the extended route length estimations we propose can be applied
to inform the strategic design and operational planning of large-scale, high-
density distribution systems. Speci�cally, our work enables logistics service
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providers to quantify the route ef�ciency and traf�c footprint impact of
integrating �rst-mile and last-mile operations. The obtained insights can
help address current challenges of urban last-mile distribution, such as
growing and increasingly fragmented urban freight volumes traveling on
an increasingly congested infrastructure, greenhouse gas and pollutant
emissions in growing cities around the world.

Based on our work, we see several fruitful avenues for future research.
First, we have not yet considered the impact of delivery and/or pickup time
windows on the ef�ciency of integrated routes. This could be addressed by
extending our numerical experiments to include time window constraints.
Second, this study exclusively focuses on localroute ef�ciency gains, which
take the increased stop density, vehicle capacity constraints and precedence
constraints into account. Future research should further explore the effects
of pickup and delivery integration on the overallef�ciency of vehicle routes,
including their line-haul components, for various possible network design
con�gurations. This includes establishing an analytical or empirical rela-
tionship between the integration of delivery and pickup operations and the
effective capacity of the vehicle during the line-haul part of a route in order
to determine under which circumstances the local routing effects would be
dominated by the line-haul effects or vice versa. Third, we assumed a �xed
and given distribution network architecture for our Bangalore case study.
Future research should investigate, how route-level integration of pickups
and deliveries affects optimal network-level design decisions, such as the
number, location, and size of urban distribution facilities, or the size and
composition of vehicle �eets. Next, the relationship between the degree to
which local pickup and delivery requests can be short-circuited on a single
route and the optimal depot location should be explored in further detail,
as this aspect is of particularly high relevance for the optimal design and
operation of shared mobility and shared urban freight services. Finally, it
would be interesting to understand in more detail the non-trivial effects
of consolidated pickups and/or deliveries on the ef�ciency of integrated
routes.

2.7 supplements

2.7.1 Notation
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Table 2 .9: Basic notation

Symbol De�nition

a Pickup-to-delivery ratio, relating the number of pickup parcels to the
number of delivery parcels

b SC-ratio, relating the number of SC-parcels to the number of ordinary
pickup and delivery parcels

gIR Number of links to be driven by the vehicles to serve all customers in
the integrated network

gBCDEL Number of links to be driven by the vehicles to serve all customers in
the delivery base case

gBCPICK Number of links to be driven by the vehicles to serve all customers in
the pickup base case

d Distance ratio obtained from the simulation experiments
dres Residual distance ratio, only re�ecting the unobserved, non-trivial route

ef�ciency effects
d̄, d̄res Means of the respective (residual) distance ratios, obtained from the

nexp = 40 repetitions of each problem instance
e Error term in a multiple linear regression model
hi Independent variables in a multiple linear regression model
k Route length approximation factor in the TSP-case
k0 Route length approximation factor in the VRP-case
kPD Proportionality factor to account for combined pickup and deliveries in

RLE
kPD Upper bound to kPD

kPD Lower bound to kPD

k̃PD Proportionality factor accounting for all analytically unobserved in�u-
ences on the route ef�ciency

r d Load-per-delivery parameter, i.e. the load (parcels) delivered at a single
delivery stop of the vehicle

r p Load-per-pickup parameter, i.e. the load (parcels) collected at a single
pickup stop of the vehicle

A Service area size
C Vehicle capacity
ci Regression parameters in a multiple linear regression model
dBCDEL Total distance traveled in the BCDEL
dBCPICK Total distance traveled in the BCPICK
dIR Total distance traveled in the IR
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Table 2 .9: Basic notation

Symbol De�nition

dTSP Distance of an optimal TSPtour that only consists of pickup or delivery
stops, respectively

dPD
TSP Distance of an optimal TSPtour that contains both pickups and deliver-

ies
dVRP Distance of an optimal VRP route
E[�] Expected value
n Number of customer nodes to be visited by the vehicle
nd Number of parcels that are picked up at the depot and delivered to

customers in the service area
nexp Number of independent repetitions of the simulation experiments
np Number of parcels to be picked up in the service area and to be delivered

to the depot
nsc Number of SC parcels to be handled in the service area
nstops Total number of stops the vehicle has to make on its route to pick up

and deliver all parcels
nstops,d Total number of stops the vehicle has to make on its route to deliver all

parcels
nstops,p Total number of stops the vehicle has to make on its route to pick up all

parcels
r Average line haul distance from the depot to the delivery region
R2 Coef�cient of determination
R2

adj Adjusted coef�cient of determination

q Capacity scaling constant, scaling the vehicle capacity relative to the
total number of pickup or delivery requests in the service area

Table 2 .10: Variables introduced for the pickup and delivery problem

Variable De�nition

D j Variable specifying the departure time at vertex j ( j 2 V [ W)
xk

jl Binary variable indicating whether or not vehicle k travels from location j
to location l (( j, l ) 2 (V � V ) [ f (k+ , l )j l 2 Vg [ f ( l , k� )j l 2 Vg, k 2 M )

yj Variable specifying the load of the vehicle arriving at vertex j ( j 2 V [ W)
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Table 2 .10: Variables introduced for the pickup and delivery problem

Variable De�nition

zk
i Binary variable indicating whether or not a transportation request i is

assigned to vehicle k ( i 2 N, k 2 M )

Table 2 .11: Further notation introduced for the pickup and delivery problem

Symbol De�nition

djl 8j, l 2 V [ W Travel distance between nodes j and l

i 2 N Element in the set of transportation requests
i+ 2 N+ Origin node of transportation request i
i � 2 N � Destination node of transportation request i
k 2 M Element in the set of vehicles
k+ Start location of vehicle k
k� End location of vehicle k
M Set of vehicles
M + := f k+ jk 2 Mg Set of all start locations
M � := f k+ jk 2 Mg Set of all end locations
N Set of transportation requests
N+ :=

S
i2 N N+

i Set of all origins in the service area
N � :=

S
i2 N N �

i Set of all destinations in the service area
N+

i 2 N+ Set of origins of a transportation request
N �

i 2 N � Set of destinations of a transportation request
qi 2 N Total load of transportation request
qj 2 N Load which node j of transportation request i supplies

or receives
Qk 2 N Capacity of vehicle k
R Set of all vehicle routes
Rk Integrated pickup and delivery route of vehicle k
t jl 8j, l 2 V [ W Travel time between nodes j and l

V := N+ [ N � Set of all origins and destinations in the service area
Vk Subset ofV containing all origins and destinations vehicle

k visits on its route
W := M + [ M � Set of all start and end locations
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2.7.2 Mathematical Formulation of the PDP

The PDP formulation used for our analyses was adapted from M. W. P.
Savelsbergh et al.,1995and is given by

min å
k2 M

å
( j,l )2 (V � V )

[f (k+ ,l )j l2Vg
[f ( l ,k� )j l2Vg

xk
jl djl (2.24)

subject to

å
k2 M

zk
i = 1, 8i 2 N, (2.25)

å
j2V [ W

xk
l j = zk

i , 8i 2 N, l 2 N+
i , k 2 M, (2.26)

å
j2V [ W

xk
jl = zk

i , 8i 2 N, l 2 N �
i , k 2 M, (2.27)

å
j2V

xk
k+ j = 1, 8k 2 M, (2.28)

å
j2V

xk
jk� = 1, 8k 2 M, (2.29)

Dk+ = 0, 8k 2 M, (2.30)

D j � D l , 8j 2 N+
i , l 2 N �

i , i 2 N, (2.31)

xk
jl

�
D j + t jl

�
� D l , 8j, l 2 V [ W, k 2 M, (2.32)

yj � å
k2 M

Qkzk
i , 8j 2 V [ W, i 2 N, (2.33)

xk
jl (yj + qj ) = xk

jl yl , 8j, l 2 V [ W, k 2 M, (2.34)

yj � 0, 8j 2 V [ W, (2.35)

D j � 0, 8j 2 V [ W, (2.36)

xk
jl , zk

i 2 f 0, 1g, 8i 2 N, j, l 2 V [ W, k 2 M, (2.37)

Here, Equation (2.24) denotes the optimization objective of minimizing
the total route length. Constraint (2.25) ensures that each transportation
request i is assigned to exactly one vehicle k. Constraints (2.26) and (2.27)
ensure that a vehicle k only enters or leaves a node l if it is an origin or a
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destination node within a transportation request i assigned to that vehicle.
Constraints (2.28) and (2.29) make sure that each vehicle starts and ends
its tour at the depot. Constraints (2.30), (2.31), and (2.32) together form
the precedence constraints. Speci�cally, Constraint (2.30) sets the departure
time of vehicle k at the starting node of its route to zero. Constraint (2.31)
ensures that a given delivery node l is served after any pickup node j
belonging to the same transportation request. Constraint (2.32) computes
the departure time from any node l that is served on the route of vehicle
k after node j. Constraints (2.33), and (2.34) together form the capacity
constraints. Speci�cally, constraint (2.33) ensures that the load of any vehicle
never exceeds its carrying capacity after serving any node j along its route.
Constraint (2.34) computes the load of the vehicle k as it enters any node
l that is served right after any node j along its route. Constraints (2.35)
through ( 2.37) de�ne the domain and admissible range for each variable.

2.7.3 Further Illustration of the Methodology

2.7.3.1 Discourse on the Potential Ef�ciency Gains When Considering Line-
Hauls

In the following discourse, we discuss the potential ef�ciency gains of inte-
grated pickup and delivery routes at the level of an entire vehicle route, i.e.,
when also taking line-haul effects into account instead of focusing on local
delivery operations. This would correspond to basing our considerations
that lead to Equation (2.7) on the VRP instead of the TSP. This discussion
is intended to give some indication of the conditions under which the
line-haul effects of integrating pickups and deliveries that occur along a
vehicle route are suf�ciently small to be omitted, even when using our
proposed adjustment factor kPD to draw conclusions about ef�ciency gains
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on the entire route level. Analogously to Equation (2.7), in the VRP case,
kPD is given by

kPD =
dPD

VRP

�
nstops, A

�

dVRP

�
nstops,d, A

�
+ dVRP

�
nstops,p, A

�

=
2r

nstops

CPD + k0p nstopsA

2r
nstops,d

C + k0
q

nstops,dA + 2r
nstops,p

C + k0
p

nstops,pA

=
2r

nstops

CPD + k0p nstopsA

2r
nstops,d+ nstops,p

C + k0
q

nstops,dA + k0
p

nstops,pA

=
2r

nstops

CPD + k0p nstopsA

2r
nstops

C + k0
q

nstops,dA + k0
p

nstops,pA
, (2.38)

where CPD denotes the effective vehicle capacity in the integrated pickup
and delivery case. Note that CPD � C since the physical carrying capacity
can (at least in part) be used twice along the same integrated pickup and
delivery route – once to carry delivery items, and once to carry pickup items.
Also, note that according to Equations (2.3), (2.4a) and (2.4b), nstops,d +
nstops,p = nstops. It can be shown that kPD from Equation (2.38) converges
towards C

CPD � 1 if the local service area is far away from the depot (i.e., the
line-haul distance r is large) and/or many vehicle trips are needed to serve
the demand (i.e.,

nstops
C and

nstops

CPD are large). In that case, while the density
effects on local route ef�ciency still persist, they become dominated by the
increasingly pronounced capacity effects on total line-haul distances.

Otherwise, we see from Equation (2.38) that the line-haul terms in both
the enumerator and denominator vanish if the depot is very close to the
service area(r � 0) and/or if the vehicles need to travel the line-haul dis-
tance infrequently due to large vehicle capacity or low levels of demand�

nstops
C ,

nstops

CPD � 0
�

. Under these conditions, Equation (2.38) reduces to Equa-

tion (2.7) and our adjustment factor kPD is directly applicable in both TSP
and VRP settings.
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2.7.3.2 LS and GLS Settings and Parameter Values

Table 2 .12: Settings for Google, 2019OR-Tools LSheuristic and GLS metaheuris-
tic

Heuristic Setting for simulation

�rst solution strategy path cheapest arc
LS metaheuristic guided local search
GLS-l -coef�cient 0.1

Local Search Operators Enabled

relocate yes
relocate pair yes
relocate neighbors no
exchange yes
cross yes
cross exchange no
2-opt yes
Or-opt yes
Lin-Kerninghan yes
TSP-opt no
make active yes
relocate and make active no
make inactive yes
make chain inactive no
swap active yes
extended swap active no
node pair swap active yes
path LNS no
full path LNS no
TSP LNS no
inactive LNS no
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2.7.3.3 Detailed Summaries of the Heuristic Solution Quality Assessment

Table 2 .13: Detailed summary of OR-Tools heuristic solutions (Google, 2019)
compared to state-of-the-art ALNS heuristic solutions (Ropke et al.,
2006b)

Data Clustered by Number of Avg. Std. Dev. Avg. Std. Dev.
Routes Deviation Deviation Abs. Deviation Abs. Deviation

Repetition

1 1170 0.92% 2.24% 1.26% 2.07%
2 1170 1.28% 2.82% 1.59% 2.67%
3 1170 1.01% 2.32% 1.34% 2.15%
4 1170 1.22% 2.52% 1.48% 2.37%
5 1170 0.90% 2.31% 1.27% 2.12%
6 1170 1.21% 2.62% 1.53% 2.44%
7 1170 1.06% 2.45% 1.38% 2.28%
8 1170 1.12% 2.44% 1.43% 2.27%
9 1170 1.01% 2.50% 1.39% 2.31%

10 1170 1.13% 2.61% 1.46% 2.44%

a

0.0 1050 1.10% 2.73% 1.66% 2.42%
0.1 1050 1.05% 2.49% 1.53% 2.23%
0.2 1050 1.00% 2.54% 1.41% 2.34%
0.3 1050 1.04% 2.43% 1.36% 2.26%
0.4 1050 1.07% 2.60% 1.33% 2.48%
0.5 1200 1.06% 2.79% 1.39% 2.65%
0.6 1050 1.08% 2.57% 1.34% 2.44%
0.7 1050 1.08% 2.43% 1.33% 2.31%
0.8 1050 1.12% 2.37% 1.39% 2.23%
0.9 1050 1.14% 2.11% 1.36% 1.98%
1.0 1050 1.22% 2.19% 1.45% 2.05%

b

0.0 1650 1.91% 3.23% 1.98% 3.18%
0.1 1650 1.52% 2.76% 1.75% 2.62%
0.2 1650 1.34% 2.68% 1.64% 2.50%
0.3 1650 0.92% 2.15% 1.23% 1.99%
0.4 1650 0.44% 1.91% 0.96% 1.70%
0.5 1650 0.80% 2.14% 1.21% 1.94%
1.0 1650 0.77% 2.05% 1.19% 1.83%

10.0 150 0.08% 1.25% 0.66% 1.06%

q

0.2 2340 1.71% 3.26% 2.21% 2.94%
0.4 2340 1.64% 2.98% 1.92% 2.81%
0.6 2340 1.19% 2.33% 1.39% 2.22%
0.8 2340 0.68% 1.70% 0.93% 1.57%
2.0 2340 0.22% 1.25% 0.62% 1.11%

Route Type
combined 3900 1.96% 3.56% 2.85% 2.91%

delivery 3900 0.72% 1.71% 0.75% 1.69%
pickup 3900 0.58% 1.35% 0.64% 1.33%

Overall 11700 1.09% 2.49% 1.41% 2.32%
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Table 2 .14: Summary of solutions to H. Li et al. ( 2003) benchmark instances

Instance Solution by OR-Tools solver Best known solution from Li and Lim ( 2003) Optimality Gap
Number of Routes Distance Number of Routes Distance

lc101 10 828.94 10 828.94 0.00%
lc102 10 828.94 10 828.94 0.00%
lc103 9 1035.35 9 1035.35 0.00%
lc104 9 860.01 9 860.01 0.00%
lc105 10 828.94 10 828.94 0.00%
lc106 10 828.94 10 828.94 0.00%
lc107 10 828.94 10 828.94 0.00%
lc108 10 826.44 10 826.44 0.00%
lc109 9 1000.6 9 1000.6 0.00%

lc201 3 591.55 3 591.56 0.00%
lc202 3 591.55 3 591.56 0.00%
lc203 3 591.17 3 591.17 0.00%
lc204 3 590.6 3 590.6 0.00%
lc205 3 588.88 3 588.88 0.00%
lc206 3 588.49 3 588.49 0.00%
lc207 3 588.29 3 588.29 0.00%
lc208 3 588.32 3 588.32 0.00%

lr101 19 1650.8 19 1650.8 0.00%
lr102 17 1487.57 17 1487.57 0.00%
lr103 13 1292.67 13 1292.68 0.00%
lr104 9 1013.39 9 1013.39 0.00%
lr105 14 1377.11 14 1377.11 0.00%
lr106 12 1252.61 12 1252.62 0.00%
lr107 10 1111.32 10 1111.31 0.00%
lr108 9 968.96 9 968.97 0.00%
lr109 11 1208.96 11 1208.96 0.00%
lr110 11 1165.82 10 1159.35 0.56%
lr111 10 1108.9 10 1108.9 0.00%
lr112 9 1003.77 9 1003.77 0.00%

lr201 4 1253.24 4 1253.23 0.00%
lr202 3 1197.66 3 1197.67 0.00%
lr203 3 949.39 3 949.4 0.00%
lr204 2 849.05 2 849.05 0.00%
lr205 3 1054.02 3 1054.02 0.00%
lr206 3 931.63 3 931.63 0.00%
lr207 3 930.63 2 903.06 3.05%
lr208 2 734.84 2 734.85 0.00%
lr209 3 930.58 3 930.59 0.00%
lr210 3 964.22 3 964.22 0.00%
lr211 2 911.52 2 911.52 0.00%

lrc101 14 1708.8 14 1708.8 0.00%
lrc102 12 1558.07 12 1558.07 0.00%
lrc103 11 1258.74 11 1258.74 0.00%
lrc104 10 1128.4 10 1128.4 0.00%
lrc105 13 1637.63 13 1637.62 0.00%
lrc106 11 1424.73 11 1424.73 0.00%
lrc107 11 1230.14 11 1230.14 0.00%
lrc108 10 1147.43 10 1147.43 0.00%

lrc201 4 1406.94 4 1406.94 0.00%
lrc202 3 1383.4 3 1374.27 0.66%
lrc203 3 1089.07 3 1089.07 0.00%
lrc204 3 818.66 3 818.66 0.00%
lrc205 4 1302.2 4 1302.2 0.00%
lrc206 3 1159.07 3 1159.03 0.00%
lrc207 3 1062.05 3 1062.05 0.00%
lrc208 3 852.76 3 852.76 0.00%
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2.7.4 Further Illustration of the Results

Table 2 .15: Summary of the alternative OLS regression analysis for the �rst
experiment

R-squared 0.970 F-statistic 1887
Adj. R-squared 0.969 Prob (F-statistic) 0.000
AIC -684.9 Log-Likelihood 345.47
BIC -676.6

coef. std. err. t p [95% Conf. Int.]
const. -0.0021 0.013 0.167 0.868 -0.023 0.027
h1 0.9885 0.016 61.433 0.000 0.957 1.020
h2 0.0258 0.001 17.817 0.000 0.023 0.029

Skew 0.418 Durbin-Watson 1.553
Kurtosis 2.954 Breusch-Godfrey (BG) 225.2
Jarque-Bera (JB) 3.534 Prob(BG) 0.522
Prob (JB) 0.171

Note: h1 = 1p
1� a+

p
a

h2 =
� p

1 � a +
p

a � 1
� �

1
q � 1

2

�

Table 2 .16: Summary of the alternative OLS regression analysis for Experiment
2.2

R-squared 0.887 F-statistic 441.4
Adj. R-squared 0.885 Prob (F-statistic) 0.000
AIC -1014 Log-Likelihood 510.82
BIC -1001

coef. std. err. t p [95% Conf. Int.]
const. 0.0323 0.022 1.487 0.139 -0.011 0.075
h1 0.9522 0.029 33.280 0.000 0.896 1.009
h2 0.0346 0.002 19.917 0.000 0.031 0.038
h3 0.1004 0.005 21.974 0.000 0.091 0.109

Skew 0.755 Durbin-Watson 1.209
Kurtosis 4.522 Breusch-Godfrey (BG) 388.8
Jarque-Bera (JB) 32.959 Prob(BG) 0.493
Prob (JB) 0.000

Note: h1 =
p

1+ 2bp
1� a+ b+

p
a+ b

h2 =
� p

1 � a +
p

a � 1
� �

1
q � 1

2

�

h3 = bp
1+ b2
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abstract

In this paper, we analyze the route ef�ciency effects that emerge from
combining �rst-mile pickup and last-mile delivery operations into joint
routes. Speci�cally, we examine (i) the individual effect of discrete, non-
overlapping time window constraints, (ii) the individual effect of vehicle
capacity constraints, and (iii) the joint impact of both constraint types on
local route ef�ciency gains due to the integration of pickup and delivery
operations. Building on the extant literature on continuum approximation of
optimal route distances, we propose closed-form adjustment factors which
incorporate these non-trivial route ef�ciency effects that otherwise could not
be captured by analytical considerations. We conduct extensive numerical
experiments and analyze our data using symbolic regression approaches.
Our proposed adjustment factors balance the parsimony and interpretability
of their mathematical formulation, and their accuracy in quantifying the
route ef�ciency effects. Our analyses suggest that the effective ef�ciency
gains emerging from integrating pickup and delivery operations deteriorate
as time window and vehicle capacity constraints are imposed. These real-
world complications affect the optimal stop sequence and diminish or even
eliminate the expected ef�ciency gains from integrating �rst- and last-mile
operations. The proposed adjustment factors are particularly relevant for
the optimal strategic design and operational planning of modern, industrial-
scale distribution networks in light of growing and increasingly fragmented
e-commerce volumes and a high cost pressure on the logistics industry.
They help researchers and practitioners to ef�ciently quantify the expected
bene�ts from integrating pickup and delivery operations, and to assess
under which circumstances such an integration is (not) desirable.

3.1 introduction

In recent years, due to the continued boom of e-commerce and the rise
of the on-demand economy, the challenge of planning for ef�cient �rst-
and last-mile transport operations to connect consumers and points of sale
with logistics facilities such as urban ful�llment centers has been receiving
increased attention by both academics and practitioners (Qi et al., 2018).
The rapid expansion of global retail e-commerce with annual growth rates
between 15% and 20% and a projected market volume of $5.55 trillion in
2022(eMarketer, 2021) and growing expectations of receivers with regards
to individualized deliveries, shorter delivery lead times, a wider range of
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return options, and narrower delivery or pickup time windows (McKin-
sey&Company, 2016) translate into an increase in demand for increasingly
complex urban logistics services and additional direct shipments to and
from individual customers.

Today, �rst- and last-mile logistics operations are still performed on
physically separate networks with dedicated facilities and �eets (Bányai
et al., 2018). As density and congestion levels especially in large metropoli-
tan areas keep growing rapidly (United Nations, 2018), becoming more
sustainable and reducing their carbon footprint is becoming increasingly
important for many logistics operators (World Economic Forum, 2021). A
tighter integration of �rst-mile and last-mile operations could present an
important lever to reduce the emissions footprint and unit cost of many
distribution systems (see, e.g., Acimovic et al., 2015; Gansterer et al.,2017;
Rieck et al., 2014; Turkensteen et al., 2017).

The extant literature on CA of optimal route distances suggests that
the route ef�ciency gains emerging from integrating �rst-mile pickup and
last-mile delivery operations can be as high as 30%and that these ef�ciency
gains are highly sensitive to vehicle capacity constraints and precedence
constraints of local pickup and delivery requests within single routes (see,
Bergmann et al., 2020). While the increased stop density of a combined route
generally tends to lead to an improvement in route ef�ciency in comparison
to pure pickup and delivery routes, there are several factors that negatively
affect the ef�ciency of combined routes by imposing additional detours.
Since these factors have not been subject to scienti�c research, we speci�cally
examine (i) the impact of discrete, non-overlapping TW constraints, (ii) the
impact of vehicle capacity constraints and (iii) the joint impact of both TW
and capacity constraints on the route ef�ciency gains due to integration of
�rst-mile pickup and last-mile delivery transportation networks. To this end,
based on extensive numerical experiments, we propose aCA approach to
estimate the average inter-customer link distance in an integrated network
that speci�cally captures the above-mentioned effects.

To analyze the data from our numerical experiments, we propose a
novel iterative approach which combines EDA with SR: We make use of
EDA techniques to open-mindedly and unbiasedly explore our large data
set and generate hypotheses about the most relevant variables and their
interactions. We then use a state-of-the-art implementation of SRto identify
the exact analytical descriptions of the hidden patterns and interactions
in our experimental data. Ultimately, our proposed analysis approach
provides a means to accurately and ef�ciently quantify and asses the effects
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of integrating last-mile delivery and �rst-mile pickup operations in joint
vehicle routes operating within a common distribution network.

The proposed approximation technique extents the extant literature,
which is still heavily focused on analyzing academic problem instances and
assuming unidirectional �ows of goods, i.e., on delivery-only or pickup-
only networks (see, e.g., Ansari et al., 2018; Schneider et al., 2017). It
further provides for easy scalability to large-scale problem instances, which
makes it particularly relevant for analyses pertaining to real-world logistics
applications.

The remainder of this paper is structured as follows. In Section 3.2,
we review the relevant extant literature on VRPs and CA, and present
the research gaps addressed by this work. In Section 3.3, we discuss the
complexities affecting route ef�ciency in real-world integrated �rst- and last-
mile operations. We further introduce the numerical experiments which we
conduct to study these effects. Extending the extant literature on CA-based
RLE formulae, we propose closed-form proportionality factors to account
for the effect of TW and vehicle capacity constraints in integrated pickup
and delivery operations. We close the section with the description of our
novel hybrid data analysis approach to evaluate the results of our numerical
experiments. In Section 3.4, we present our proposed proportionality factors,
which capture the individual and combined local effects of TW and capacity
constraints on the ef�ciency of integrated pickup and delivery routes. In
Section 3.5, we conclude by highlighting our key-�ndings and presenting
an outlook on future research.

3.2 related work

The analyses presented in this paper are closely tied to the extant litera-
ture on the well-studied capacitated vehicle routing problem with time
windows ( CVRPTW) and PDPTW, which we review in Section 3.2.1. Since
the computational cost of solving these NP-hard problem types typically
becomes prohibitively high as problem instances are scaled to be represen-
tative of realistic industrial applications, CA-basedRLE approaches present
a relevant alternative to solving these route planning problems explicitly.
To this end, we present a review of the extant literature on CA-basedRLE
in Section 3.2.2. In Section 3.2.3, we outline the research gap we aim to �ll
by this study.
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3.2.1 Related Vehicle Routing Problems

3.2.1.1 Capacitated Vehicle Routing Problem with Time Windows

The CVRPTW is a well-studied combinatorial optimization problem in the
academic literature and was �rst formally introduced by Solomon ( 1983).
For the standard de�nition and mathematical formulation of the CVRPTW,
we refer the reader to J.-F. Cordeau et al. (2002). The CVRPTW constitutes
an extension of the capacitated vehicle routing problem ( CVRP) in which
the �eet of capacitated vehicles needs to be routed in a way that the service
at each customer starts within an associated TW and the vehicles remain at
the customer locations during service. The CVRP, in turn, reduces to the
TSPwhen there is only a single vehicle that is not constrained by capacity
limitations. We would like to point the reader to Dantzig et al. ( 1959) and
Toth et al. (2014) for the standard de�nition and mathematical formulation
of the VRP and to Flood (1956) and Applegate et al. (2007) for the TSP.

3.2.1.2 Pickup and Delivery Problem with Time Windows

According to the comprehensive classi�cation scheme for routing problems
proposed in Parragh et al. (2008a, 2008b), the PDP constitutes a variant of
the GPDP, as formally introduced in M. W. P. Savelsbergh et al. ( 1995). The
PDP is a routing problem in which a �eet of capacity-constrained vehicles
serves transportation requests among paired pickup and delivery locations
from a depot. In contrast to other subclasses of the GPDP, each origin
location is directly associated with a corresponding destination location. In
other words, it is not permitted to use a picked-up unit from a particular
transportation request to ful�ll the demand of a delivery customer from
a different transportation request. The PDP can be solved with different
objective functions. Most commonly, either the total distance travelled to
serve all customers or the total number of vehicles used is minimized, while
adhering to the capacity and precedence constraints.

The PDPTW is a variant of the PDP additionally taking TW constraints
into account. For detailed perspectives on the PDPTW, we refer the reader
to Desrosiers et al. (1995), Dumas et al. (1991), M. W. P. Savelsbergh et al.
(1995) and Solomon et al. (1988). Very much like related routing problems,
also the PDPTW is NP-hard and solving it ef�ciently is challenging. Due
to the precedence constraints, well-established solution algorithms which
are effective in solving other routing problems, such as the VRP, cannot
be applied to the PDPTW. Researchers have therefore developed a number
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of enhanced solution methods speci�cally for the PDPTW and the closely
related DARP. Some of these methods are exact methods, i.e, they are
guaranteed to �nd the optimal solution, but generally (meta-)heuristic
solution approaches prevail.

Most exact solution methods for the PDPTW fall into one of the three
categories of i) branch-and-price algorithms (see, e.g., Dumas et al.,1991;
M. Savelsbergh et al.,1998; Sol, 1994), ii) branch-and-cut algorithms (see,
e.g., J. F. Cordeau,2006; Ropke et al., 2007) and iii) branch-cut-and-price
algorithms (see, e.g., Baldacci et al.,2011; Ropke et al., 2009). These exact so-
lution methods can realistically only be applied to small problem instances.
Thus, researchers have focused on enhancing heuristic approaches which
were originally designed for the CVRP and the CVRPTW to additionally
account for the precedence constraints of the PDPTW (see, e.g., Q. Lu et al.,
2006; Sexton et al.,1985; Toth et al., 1997; van der Bruggen et al., 1993).
More recently, meta-heuristic solution approaches gained in importance,
which proved to be very ef�cient for multi-vehicle, large-scale instances of
the PDPTW. Among the most eminent of these meta-heuristic approaches
are the TS algorithms of Nanry et al. ( 2000) and J. F. Cordeau et al. (2003),
the tabu-embedded SA algorithm of H. Li et al. ( 2003), the two-stage hybrid
algorithm combining SA and LS proposed in Bent et al. (2006) and the
ALNS heuristic of Ropke et al. (2006a, 2006b), which integrates several
sub-heuristics into a single solution framework. Developing more ef�cient
solution methods for the PDPTW remains an important research avenue
(see, e.g., Christiaens et al.,2020; Curtois et al., 2018; Sartori et al., 2020).

Another stream of research has focused on the de�nition of very speci�c
variants of the PDPTW and their solution methods in order to adequately
model real-world applications. Examples include multi- PDPTWs (Aziez
et al., 2020), dynamic PDPTWs (see, e.g., Fabri et al.,2006; Mitrović-Minić,
Krishnamurti, et al., 2004; Mitrović-Minić & Laporte, 2004), PDPTWs with
additional loading rules or handling operations (see, e.g., Cherkesly et
al., 2015a, 2015b; Veenstra et al.,2017), the PDPTW with scheduled lines
(Ghilas et al., 2016), the PDPTW with synchronization (P. K. Nguyen et al.,
2017), the PDPTW with electric vehicles (Goeke, 2019) and the PDPTW with
manpower planning (J. Wang et al., 2020).

3.2.2 Continuum Approximation of Route Distances

The solution methods to the PDPTW reviewed above can all be classi�ed as
discrete approaches. An alternative to these classical solution approaches
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are so-called CA RLE approaches. The basic idea ofCA approaches is to
approximate the optimal solution with the help of a closed-form mathemat-
ical formula and a small set of problem-speci�c parameters. With regards
to routing problems, CA approaches are speci�cally valuable when there
is no need to actually solve the routing problem to (near-)optimality or
solving it would simply take too much time. This is oftentimes the case
when long-term, strategic decisions need to be informed, for instance deci-
sions about the speci�c design of a transportation network (see, Figliozzi,
2007; Schneider et al.,2017). Commonly, a class of optimization problems,
referred to as LRPs, is used to determine the optimal con�guration of such
a transportation network. The LRP is itself composed of two sub-problems,
a facility location problem and a vehicle routing problem, which need to be
solved jointly and simultaneously to obtain optimal solutions. For recent
surveys on LRPs we refer the reader to Drexl et al. (2015), Mara et al. (2021),
and Schneider et al. (2017). Solving the LRP is computationally expensive
due to the NP-hardness of the two underlying sub-problems (see, Karp,
1972; Lenstra et al., 1981) and the complexity even increases for large-scale,
real-world applications. Thus, a promising approach is to approximate the
vehicle routing problem of the LRP using CA RLE formulae (see, Drexl
et al., 2015; Smilowitz et al., 2007; Winkenbach et al., 2016). This approach
ensures that the routing information can be incorporated into the network
design while the complexity of the problem can be signi�cantly reduced.
In the following, we present an overview of CA RLE formulae that are
relevant to this study. For additional perspectives on CA RLE, we refer the
reader to the surveys by Ansari et al. ( 2018) and Franceschetti et al. (2017).

3.2.2.1 Continuum Approximation of Route Distances for the TSP

Marks (1948) proposes a lower bound for the expected distance of a shortest
closed path through n locations randomly distributed in an area A which
is given by

lim
n! ¥

E [dTSP(n, A)] � k
p

A
n � 1
p

n
, (3.1)

where k = 1p
2

� 0.707is a mathematically derived coef�cient. Beardwood

et al. (1959) show that, as n ! ¥ , Equation (3.1) asymptotically approaches
the well-known closed-form expression,

lim
n! ¥

E[dTSP(n, A)] = k
p

nA. (3.2)
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The parameter k in Equations (3.1) and (3.2) primarily depends on the
underlying distance metric, the number of vehicle stops n and the shape
of the service area A. For instance, the value of k decreases with an in-
creasing number of locations and asymptotically converges for n ! ¥
towards a �nite value. Commonly, k is set to 0.75 for large n, Euclidean
distances and convex service areas (see, Stein,1978) and to k � 0.95 for
Manhattan distances (see, Robust et al.,1990). Nonetheless, there is an
abundance of studies that propose analytically or experimentally derived
values for k that can be used in different settings. For Euclidean distances,
Steinerberger (2015) analytically derives that k 2 [0.63� 0.91]. In their
numerical experiments, Lei et al. (2015) �nd that k 2 [0.858, 0.777] for
n 2 [20, 90], while Applegate et al. ( 2007) propose k 2 [0.776, 0.7256] for
n 2 [100, 2000]. Finally, Valenzuela et al. (1997) propose an asymptotic value
of lim n! ¥ k (n) = 0.7079. For more complex approaches to estimate the
expected distances ofTSPtours, we refer the reader to Çavdar et al. (2015),
Chien (1992), Hindle et al. ( 2004), and Kwon et al. ( 1995).

3.2.2.2 Continuum Approximation of Route Distances for the CVRP and its
variants

Daganzo (1984a) introduces an intuitive CA formula for the CVRP. The
distance travelled by a �eet of capacity-constrained vehicles to serve n
customers in a service areaA is given by

lim
n! ¥

E[dCVRP(n, A, C, r)] = 2r
n
C|{z}

line-haul distance

+ k0
p

nA| {z }
inter-customer distance

, (3.3)

which consists of a line-haul distance term and a local inter-customer
distance term. The average distance between then customers and the depot,
which does not necessarily lie within the service area A, is denoted r. When
serving the n customers with unit demand, each vehicle is constrained by
the capacity C. The coef�cient k0 < k is derived from experiments. For
Euclidean and Manhattan distances Daganzo (1984a) proposes k0 = 0.57
and k0 = 0.73, respectively.

The CVRPTW additionally takes TW constraints into account. Figliozzi
(2009) proposes a RLE formula for the CVRPTW based on Equation (3.3).
Two additional terms capture the isolated route ef�ciency effects of TW
constraints on the inter-customer distance and the line-haul distance, respec-
tively. The numerical study is based on the benchmark instances by Solomon
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et al. (1988) and concludes that TW constraints signi�cantly lengthen the
total expected route distance.

Nicola et al. (2019) take a similar approach and also base their study
on the Solomon et al. (1988) benchmark instances to propose a regression-
basedCA expression for the CVRPTW. Given a large set of variables that
they believe well characterizes the underlying routing problems, they apply
regression analysis to identify those variables that have the greatest impact
on route distance. The authors �nd that two variables, de�ned as the sum
of the lengths of the TWs and as the average overlap of TWs between
pairs of customers, are particularly suitable to capture the effects of TW
constraints in the RLE formula for the CVRPTW. With regards to the
capacity constraints, a variable de�ned as ratio between the total customer
demand and the vehicles' capacity proved most successful.

3.2.2.3 Continuum Approximation of Route Distances for the Capacitated PDP

Bergmann et al. (2020) examine the effects of integrating �rst-mile pickup
and last-mile delivery operations in joint routes and propose a CA RLE for
the PDP. The authors de�ne a proportionality factor, kPDC, which can be
multiplied with the expressions in Equations (3.1) and (3.2) to account for
the route ef�ciency effects that are attributable to the integration of pickup
and delivery requests. kPDC is de�ned as the ratio between the expected
cumulative inter-customer distances in the integrated pickup and delivery
network and the sum of the expected cumulative inter-customer distances
in the two separate, pickup-only and delivery-only scenarios, respectively.
In integrated PDPs with capacity-constrained vehicles, some vehicles may
need to free up carrying capacity along the route by visiting a delivery
node before being able to visit the next pickup node. Bergmann et al. ( 2020)
attempt to quantify the expected reduction in route ef�ciency, that arises
from the capacity constraint potentially forcing the vehicle to deviate from a
purely distance-optimal stop sequence. Based on anOLS regression analysis
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performed on data obtained from numerical experiments, Bergmann et al.
(2020) propose the following closed-form approximation for kPDC

kPDC (a, q) = kPD (a) + k̃PDC (a, q) =
1

p
1 � a +

p
a

| {z }
lower limit

(3.4)

+ bPDC
� p

1 � a +
p

a � 1
� �

1
q

�
1
2

�
,

| {z }
correction for effect of capacity constraints

where bPDC = 0.0243. a is the pickup-to-delivery ratio denoting the ratio
between the number of pickup requests and the total number of all (pickup
and delivery) transportation requests, while q is a vehicle capacity parameter
scaling the capacity relative to the total number of pickup or delivery
requests in the service area. As the vehicle capacity is reduced through
the capacity parameter q, the second term in Equation (3.4) increases and
drives the route ef�ciency further away from its lower limit. Therefore, the
authors conclude that the route ef�ciency of integrated pickup and delivery
tours is progressively harmed by tightening vehicle capacity constraints.

3.2.3 Research Gap

While the extant literature on route planning problems still exhibits a strong
focus on the case of unidirectional �ows of goods, i.e., on delivery-only
or pickup-only networks (see, e.g., Ansari et al., 2018; Schneider et al.,
2017), the literature around the PDP and its variants gives rise to the
necessary methodological foundations to inform the design and planning
of more ef�cient and sustainable distribution systems that take advantage
of integrated pickup and delivery operations in a single network with
combined routes.

However, for the insights from this part of the academic discussion to be
applicable and relevant to large-scale, real-world industrial applications,
we see two main hurdles that have to be overcome. First, while already
providing relevant insights on small-scale academic problem instances, the
extant literature is still lacking a focus on computationally ef�cient and
scalable methodological approaches that can provide actionable insights
for real-world applications. Second, the academic discussion is lacking an
in-depth analysis and discussion of the route ef�ciency effects of many
vehicle, route, and customer-speci�c operational constraints that constitute
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the dominant real-world complexities of integrated pickup and delivery op-
erations, as well as their potential inter-dependencies. A prominent example
of such constraints would be vehicle capacity limits and customer-speci�c
pickup or delivery TW requirements. A more detailed understanding of
and the ability to accurately and ef�ciently quantify the non-trivial joint
route ef�ciency effects of these constraints is critical to inform strategic
network design decisions.

We aim to �ll this gap in the extant literature by contributing to the
establishment of a CA-based RLE formula for the PDPTW. We present a
closed-form mathematical expression that builds on the pioneering work
of Marks ( 1948) and Beardwood et al. (1959), the seminal works Daganzo
(1984a, 1984b) and and the recent study of Bergmann et al. (2020). In
particular, we propose a closed-form adjustment factor to capture the joint
impact of vehicle capacity constraints and TW constraints in integrated
�rst-mile pickup and last-mile delivery operations on a route level. To
this end, we de�ne a set of key parameters characterizing the PDPTW.
We then conduct extensive numerical experiments to study the in�uence
of these parameters on the total route distance covered by the �eet of
vehicles. Subsequently, we use state-of-the-art SR approaches to �nd a
mathematical expression that can explicate and quantify the main drivers
of route ef�ciency in the PDPTW.

3.3 methodology

In the following, we �rst introduce the relevant notation laying the basis
for our subsequent numerical analysis in Section 3.3.1. In Section 3.3.2, we
discuss relevant real-world complications that affect the expected route
ef�ciency of integrated �rst-mile pickup and last-mile delivery operations
and we de�ne the scope of this study. We then introduce our numerical ex-
periments in Section 3.3.3 to study (i) TW effects, (ii) vehicle capacity effects
and (iii) interaction effects between TW and capacity constraints, which the
extant approximations do not account for. In Section 3.3.4, we provide an
overview of the methods we use to analyze and evaluate the data obtained
from our numerical experiments. To this end, we propose proportionality
factors that serve as the dependent variables in our SRmodels and extend
the existing RLE formulae of integrated pickup and delivery operations
to account for time window and vehicle capacity constraints (see, Sections
3.3.4.1 and 3.3.4.2). In Section 3.3.5, we introduce the hybrid data analysis
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approach used to determine the optimal functional forms and parameters
for our SR models.

3.3.1 Terms and Notation

Our mathematical notation closely follows Desaulniers et al. ( 2002). In the
following, we introduce the most important terms and notation used in this
paper. A summary of the notation used in this paper can be found in Table
3.3 in Supplement 3.6.1.

transportation requests For our study, we assume a PDPTW with
a set N containing a number of n transportation requests. Each transporta-
tion request i is identi�ed by two nodes, i+ and i � , which correspond to
its pickup and delivery location, respectively. All pickup and delivery loca-
tions lie within a service area of size A. It is possible that different nodes
represent the same geographical location or coincide with the geographical
location of the depot. We de�ne the set of pickup nodes as P = f i+ g and
the set of delivery nodes as D = f i � g. Then, N = P [ D denotes the union
of all (pickup and delivery) nodes in the network. Moreover, if request
i demands transporting di units from location i+ to location i � , then let
l i+ = di and l i � = � di . Thus, the load associated with an origin (i.e., pickup)
node is positive, while the load associated with a destination (i.e., delivery)
node is negative. The vehicle routes are assumed to start and end at the
depot location, denoted as node k+ and k� , respectively. All transportation
requests therefore fall into one of the following two categories:

• Pickup requests:A transportation request i for di demand units to be
shipped from a single origin node (i.e., a vendor) within the service
area, i+ , to a single destination node being the depot, i � = k� . The
total number of pickup transportation requests is denoted by np.

• Delivery requests:A transportation request i for di demand units to
be shipped from a single origin node being the depot, i+ = k+ , to a
single destination node (i.e., a customer) within the service area, i � .
The total number of delivery transportation requests is denoted by nd.

The total number of pickup and delivery requests, and thus the total
number of vehicle stops at customer locations within the service area is
given by n = np + nd. Since real-world delivery problems differ a lot in
size, we refrain from absolute load sizes to characterize integrated pickup
and delivery routes. Instead, we utilize the pickup-to-delivery ratio a, with
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a = np/ (np + nd), to denote the ratio between the number of pickup
requests and the total number of all (pickup and delivery) transportation
requests in the service area.

construction of vehicle routes Let K be the set of vehicles. Since
not all vehicles (k 2 K) can ful�ll all transportation requests, each vehicle
k is associated with a speci�c set Nk = Pk [ Dk, where Nk, Pk and Dk are
appropriate subsets of N, P and D, respectively. For each vehicle k, we now
de�ne a network Gk = ( Vk, Ak). We de�ne Vk = Nk [ (k� , k+ ) as the set of
nodes relevant for each vehicle k, respectively. Note that we are including
the depot twice, once as the origin node, k+ , and once as the destination
node, k� , of the route of vehicle k. The subset Ak of Vk � Vk then comprises
all feasible arcs between the nodes inVk. The capacity of vehicle k is given
by Ck 2 N , and its travel time and cost between distinct nodes i, j 2 Vk,
is given by t i jk and ci jk , respectively. Each admissible pickup and delivery
route for vehicle k corresponds to a feasible path from k� to k+ on the
network Gk, visiting each node exactly once. Moreover, vehicle k is assumed
to leave from its origin depot at time ak+ = bk+ . If visiting node i 2 N, the
vehicle must do so within the TW [ai , bi ]. The service time s must begin
within this TW. Should the vehicle arrive too early, it is required to wait.

vehicle capacity measure As laid out in the previous paragraph,
each vehicle k in the �eet of vehicles K is restricted by a capacity Ck. Should
the vehicle capacity Ck not be suf�cient to serve all transportation requests
in a single vehicle route, one or more additional vehicles are needed to
ful�ll the excess demand. Route ef�ciency is thus heavily affected by the
ratio between the vehicle capacity and the total number of transportation
requests to be served. Throughout the numerical experiments presented in
this paper, we systematically vary the vehicle capacity Ck. For consistency
with the experimental design introduced by Bergmann et al. ( 2020), we
adjust Ck as a function of a capacity constant, q 2 (0, 2], scaling the vehicle
capacity relative to the total number of pickup or delivery requests in the
service area,

Ck = qmax
�
np, nd

�
. (3.5)
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3.3.2 Integrating Pickup and Delivery Operations

The lower limit to the proportionality factor kPD is denoted kPD, as per
Equation (3.4). We propose a modi�ed expression for kPD which follows
the CA approach for the TSPproposed by Marks ( 1948) and yields particu-
larly accurate results for smaller problem instances with around n = 100
transportation requests,

kPD(a,n)=

0

@ 1p
2

+ 1

1+ n
bPD

11

1

A (1� 1
n )

0

@ 1p
2

+ 1

1+( na)
bPD

11

1

A
�

p
a� 1

n
p

a

�
+

0

@ 1p
2

+ 1

1+( n(1� a))
bPD

11

1

A
� p

1� a� 1
n

p
1� a

� . (3.6)

Here, n is the total number of requests in the service area, a is the pickup-to-
delivery ratio and the exponent bPD

11 = 1
3. For the mathematical derivation

of Equation (3.6), we refer the reader to Supplement 3.6.2. Note that, as
n ! ¥ , Equation (3.6) asymptotically approaches the lower limit proposed
by Equation (3.4)). Especially for extreme values of the pickup-to-delivery
ratio (a 2 (0, 0.1) and a 2 (0.9, 1)), Equation (3.6) constitutes an improved
lower limit to kPD (a, q) than the one presented in Equation (3.4).

As discussed previously, there are a number of real-world complica-
tions, most notably vehicle capacity constraints and customer-speci�c TW
requirements, that reduce the effective ef�ciency gain from integrating
�rst-mile pickup and last-mile delivery operations in joint routes and re-
duce the attainable route ef�ciency compared to its theoretical optimum,
corresponding to the lower limit kPD. Thus, the present study considers
the route ef�ciency effects of vehicle capacity constraints and discrete,
non-overlapping TWs. To this end, we conduct comprehensive numerical
experiments, which we explain in more detail in Section 3.3.3.

Figure 3.1 provides an overview of the various route savings effects that
can occur when integrating pickup and delivery operations in joint vehicle
routes, and highlights the scope of this study. Note that we explicitly differ-
entiate between route distance savings due to line-haul effects, which are
not considered in the present study, and local routing effects. The lower limit
kPD as de�ned in Equation (3.6) is deliberately based on the approximation
results for the TSP(see, Equation(3.1)) rather than on approximations for
the VRP (see, Equation (3.3)). Therefore, line-haul distances, which have
to be overcome to serve localdelivery / pickup zones, are effectively ex-
cluded from the analysis. Focusing on ef�ciency effects on the local routing
level ensures that our �ndings are not biased by the assumed underlying
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Figure 3 .1: Schematic illustration of the various route savings effects when inte-
grating pickups and deliveries in joint vehicle routes

distribution network structure, i.e., the number and location of the depots
and the number and type of vehicles at each depot location. Furthermore,
it can be shown that, as line-haul effects are disregarded, the local route
ef�ciency effects affect the expected inter-stop distances in both the TSP
and the VRP results in the same way so that the adjustment factor kPD is
directly applicable to the local routing component of both TSPand VRP
settings (see, Bergmann et al.,2020).

3.3.3 Design of Numerical Experiments

3.3.3.1 Overview and Implementation

To analyze the effects of discrete, non-overlapping TWs on the route ef-
�ciency of integrated �rst-mile pickup and last-mile delivery operations,
we conduct extensive numerical experiments. With the help of these ex-
periments, we quantify (i) the isolated in�uence of TW constraints, (ii) the
isolated in�uence of vehicle capacity constraints, and (iii) the interaction
between TW and vehicle capacity constraints on the ef�ciency of combined
pickup and delivery routes. To this end, we explicitly solve the PDPTW
for the integrated distribution network ( IDN ) and CVRPTWs for the cor-
responding pure-play pickup and delivery routes, respectively, which are
collectively referred to as the BC routes. We determine the optimal route
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lengths for each of the two BC networks using an implementation of the
CVRPTW formulation presented by J. -F. Cordeau et al. (2002). To deter-
mine the optimal route length of the IDN , we solve the PDPTW, which
was implemented based on the mathematical formulation presented by
Desaulniers et al. (2002).

For our experiments, without loss of generality, we assume a single depot
to be located in the center of the service area, which serves as the start
point k+ and end point k� of any route for any vehicle k 2 K. The location
of the depot is not critical as we focus on the inter-stop distances along
optimal routes only, i.e., we exclude the two line-haul portions of each route
from our analysis (see, Figure 3.1). Moreover, without loss of generality, we
assume the service areaA in our experiments to be quadratic with a side
length of 1000 m, i.e, A = 1 km2. All distances are computed based on the
L2 (i.e., Euclidean) norm and, also without loss of generality, we assume
that any vehicle k 2 K moves with a constant speed of 1m

s , very much like in
the famous benchmark instances of Solomon (1987). The maximum number
of vehicles k 2 K is set to 100, corresponding to the extreme case in which
each customer is served by a different vehicle. However, throughout our
experiments, oftentimes only a small fraction of this vehicle �eet is actually
utilized to serve customers. Moreover, we assume there is no service time s
associated with the pickup or delivery process at any customer node and
no vehicle setup time at the depot location.

3.3.3.2 Modeling Realistic Time Window Distributions

To study the effects of TW constraints on the route ef�ciency of integrated
�rst-mile pickup and last-mile delivery routes, we de�ne independent
and generalized TW distributions for both operations. Without loss of
generality and in line with Solomon ( 1987), we assume a time horizon
h spanning h = 12, 000 sec, i.e., all pickup and delivery requests have
to be serviced within these 3 hours and 20 minutes. We further assume
that the time horizon h can be divided into m = 4 TWs of equal length
( h

m = 12,000 sec
4 = 3, 000 sec= 50 min). Furthermore, we assume TWs to be

hard, i.e., a vehicle is not allowed to arrive at a customer after the latest
time to begin service and if the vehicle arrives before the customer is ready
to begin service, it waits (see, J.-F. Cordeau et al., 2002). This modeling
approach for the two pickup and delivery TW distributions is illustrated in
Figure 3.2. Every pickup node in the service area is either associated with
a certain TW (tp,1, . . . ,tp,m), during which it needs to be served, or service
is allowed at any point in time within the time horizon ( tp,0). Analogously,
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every delivery node is either assigned to a speci�c TW (td,1, . . . ,td,m) or
service is possible anytime (td,0). Therefore, in our study, TWs are discrete
and non-overlapping, which is consistent with the most commonly observed
practice in the e-commerce industry.

(a) (b)

Figure 3 .2: Modeling approach of discrete TW distributions for pickup (a) and
delivery (b) demand points

It can easily be shown that there is a very large number of possible
combinations to assign the np pickup customers and nd delivery customers
to the respective TWs, tp,0, . . . ,tp,m and td,0, . . . ,td,m, and that this number
grows exponentially with the number of customers n. Therefore, a full-
factorial experiment approach, in which all possible combinations are
systematically tested, neither seems promising nor ef�cient for problem
sizes with an adequate and realistic number of pickup and delivery requests.
In order to reduce the TW-combinations to a manageable number, we
de�ne a set of TW parameters which we vary systematically throughout
our numerical experiments. These TW parameters were selected based on
their expected explanatory power, which we determined in a preliminary
study (see, Schaumann,2019). We de�ne each of them in Section 3.3.3.3
below. For each parameter combination, there are ultimately still many
possible combinations to assign the np pickup and nd delivery customers
to the individual TWs, tp,0, . . . ,tp,4 and td,0, . . . ,td,4. During the generation
of our problem instances, we randomly draw from these combinations.
This guided random sampling procedure ensures that the solution space
is scanned uniformly while critical spots can still be studied in depth.
Moreover, additional non-trivial route ef�ciency effects that are not explicitly
covered by our parameters may still come to light. We can then analyze
these effects ex-post and cast them into additional explanatory variables.
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This procedure therefore ensures that no signi�cant in�uence on route
ef�ciency is omitted.

3.3.3.3 Time Window Parameters

Let np,t0, . . . ,np,tm and nd,t0
, . . . ,nd,tm denote the absolute numbers of pickup

and delivery customers assigned to TWs tp,0, . . . ,tp,m and td,0, . . . ,td,m, re-
spectively. The numbers of all customers assigned to TWs t0 = tp,0 +
td,0, . . . ,tm = tp,m + td,m are then given by nt0 = np,t0 + nd,t0

, . . . ,ntm =
np,tm + nd,tm. The TW ratio rTW takes into consideration the joint distri-
bution of TW pickup and delivery operations, i.e., it focuses rather on
whether customers are associated with TWs at all and does not explicitly
differentiate between pickup and delivery customers (see, Figure 3.3(a)). On
the contrary, the remaining TW parameters explicitly differentiate between
pickup and delivery requests (see, Figures 3.3(b) to (d)).

(a) (b) (c) (d)

Figure 3 .3: Schematic overview of the key parameters characterizing discrete TW
distributions

t ime window ratio r TW The time window ratio rTW 2 [0, 1] is de�ned
as the ratio between customers with TWs and all customers. The total
number of customers assigned to any TW t1, . . . ,tm is therefore divided by
the total number of customers n in the service area,

rTW =
n � nt0

n
=

å tm
t= t1

nt

n
. (3.7)

If rTW = 0, there are no TW restrictions and all customers can be served at
any point in time within the time horizon h. As rTW increases, more cus-
tomers expect service within a certain TW and, thus, more time constraints
must be met so the problem becomes more con�ned and we expect less
ef�cient routes.
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t ime window pickup -to -delivery ratio aTW The time window
pickup-to-delivery ratio aTW 2 [0, 1] is de�ned as the ratio between pickup
customers demanding service within a certain TW and all customers with
TWs,

aTW =

8
<

:

(np � np,t0)
(np � np,t0) + ( nd � nd,t0

)
, (np � np,t0) + ( nd � nd,t0

) 6= 0.
(3.8)0, (np � np,t0) + ( nd � nd,t0

) = 0.

We thus de�ne aTW similar to a. In the special case that all customers are
subject to TW constraints, both parameters take the same value. If there is
an equal share of pickup and delivery customers with TW in the problem
instance, then aTW = 0.5 and if there are no TWs assigned to either pickup
customers or delivery customers, then aTW takes its extreme values of 0
and 1, respectively.

null t ime window pickup -to -delivery ratio a0 The null time
window pickup-to-delivery ratio a0 2 [0, 1] is closely related to aTW and
analogously de�ned as the ratio between pickup customers that can be
served at any time, i.e., those that fall into t0, and all customers not request-
ing service within a speci�c TW,

a0 =

8
<

:

np,t0

np,t0 + nd,t0

, np,t0 + nd,t0
6= 0.

(3.9)0, np,t0 + nd,t0
= 0.

If there is an equal share of pickup and delivery customers requesting
no speci�c TW, then a0 = 0.5 and if all customers need to be served within
a speci�c TW, then aTW takes its extreme values of 0 and 1, respectively.
Note that the overall pickup-to-delivery ratio a, can always be calculated
from a0, aTW , rTW through

a = ( 1 � rTW )a0 + rTWaTW . (3.10)
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t ime window pickup -to -delivery cover cTW The time window
pickup-to-delivery cover cTW 2 [0, 1] describes how similar the two distinct
TW distributions for pickup and delivery operations are and is de�ned as

cTW =

8
<

:

å tm
t= t1

2 min(np,t , nd,t )

n � nt0

, n � nt0 6= 0.
(3.11)0, n � nt0 = 0.

This measure tells us how many pickup and delivery customers overlap
with regards to the TWs they are assigned to. As cTW increases, more
customers expect service within the same TW and, thus, it becomes easier
to integrate these customers into single vehicle routes. We therefore expect
the routes to become more ef�cient in terms of route distance per stop.

time window pickup -to -delivery order oTW The time window
pickup-to-delivery order oTW 2 [0, 1] is not part of the initial set of TW
parameters used to generate our experiment data. During our analysis of the
experiment data, we found that oTW is particularly suitable to explain the
interaction effects that occur between TW and vehicle capacity constraints
(see, Section3.4.4). This additional parameter describes whether pickup
customers with TW need on average to be served temporarily before or
after delivery customers with TW. In a �rst step, we de�ne the centre of
gravity for pickup ( gp 2 [0,m]) and delivery ( gd 2 [0,m]) customers with
TWs as:

gp =

8
<

:

å m
i= 1 inp,t i

np � np,t0

, np � np,t0 6= 0.
(3.12)0, np � np,t0 = 0.

gd =

8
<

:

å m
i= 1 ind,t i

nd � nd,t0

, nd � nd,t0
6= 0.

(3.13)0, nd � nd,t0
= 0.

The centre of gravity is a convenient parameter to describe in which of the
m TWs the pickup and delivery customers lie on average. Note that, if there
are no pickup or delivery customers in a given problem instance, then gp

and gd are equal to 0, respectively. In a second step, we can calculate the
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time window pickup-to-delivery order oTW which captures whether gp lies
temporarily prior to gd:

oTW =

8
<

:

gd � gp + m � 1
2 (m � 1)

, : (gp = 0 _ gd = 0).
(3.14)

0, gp = 0 _ gd = 0.

If the delivery customers with TW need to be served on average before
the pickup customers with TW, then 0.0 � oTW < 0.5. Analogously, if
the pickup customers with TW need to be served on average before the
delivery customers with TW, then 0.5 < oTW � 1. Overall we expect route
ef�ciency to deteriorate as oTW increases. Note that, if gp or gd is equal to 0,
i.e., if there either no pickup customers with TWs or no delivery customers
with TWs, then oTW is equal to 0 per de�nition. Further, note that the
term (m � 1) in the numerator shifts the gravity difference upwards so
that the smallest value that the numerator can take is 0. The 2(m � 1)-term
in the denominator then normalizes the shifted gravity difference to the
[0, 1]-range.

3.3.3.4 Generation of Problem Instances

The purpose of the numerical experiments described above is to investi-
gate and quantify route ef�ciency effects incurred in an integrated pickup
and delivery operation that cannot be captured by analytical consider-
ations alone. Speci�cally, we focus our analysis on the route ef�ciency
effects that result from discrete, non-overlapping TWs, vehicle capacity
constraints and the interaction between both. To this end, we generate
a set of problem instances by varying three of the TW parameters de-
�ned above ( rTW , aTW , a0) from 0.0 to 1.0 in steps of 0.1. The fourth TW
parameter, cTW , varies depending on the previous three parameters and
takes 1 + n rTW min (aTW , 1 � aTW ) different values for each rTW-aTW-a0-
combination. Then, for each parameter combination, we examine eight
different vehicle capacity levels (q 2 f 2, 1, 0.5, 0.25, 0.2, 0.15, 0.1, 0.05g). We
deliberately chose a range of non-equidistant values for q since the route
ef�ciency effects of vehicle capacity constraints are marginal for high q-
values, where capacity constraints are loose, and become increasingly more
pronounced for lower q-values, where capacity constraints are tight. We
thus ensure that our experiment data is more granular in the area of tight
capacity constraints.
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Unfortunately, the de�nition of q in Equation (3.5) can lead to a number
of numerical effects that may affect the quality of estimation of our closed-
form CA-based adjustment factors (see Supplement3.6.3 for more details).
Therefore, we compute a re�ned vehicle capacity scaling parameter q̃ 2 [0, 1]
ex-post for all our experiments which sets the vehicle capacity Ck in direct
relation with the total number of customers, n in the service area,

q̃ =

8
<

:

Ck
np+ nd

= Ck
n , Ck � n.

1, Ck > n.
(3.15)

Note that, while we still generate all our problem instances based on q (cf.,
Equation (3.5)), we exclusively use the re�ned capacity scaling parameter,
q̃, (cf., Equations (3.15)) to estimate our closed-form CA-based adjustment
factors and to plot the experiment data. Since each of the 8 values for q
that we examine in our experiments corresponds to multiple values for
q̃, plotting our experiment data becomes more complicated. We solve this
problem by de�ning partitions of q̃ values with a width of 0.1 in the range
between 0.0 and 1.0

Table 3 .1: Parameter values considered for the generation of problem instances

Parameter Range of Values

rTW f 0, 0.1, 0.2, . . . , 0.8, 0.9, 1g
a0 f 0, 0.1, 0.2, . . . , 0.8, 0.9, 1g

aTW f 0, 0.1, 0.2, . . . , 0.8, 0.9, 1g
cTW

n
0, 2

n rTW
, . . . , 2 min (aTW , 1 � aTW )

o

q f 2, 1, 0.5, 0.25, 0.2, 0.15, 0.1, 0.05g

total no. comb. 109, 888

Table 3.1 summarizes the parameter combinations used to generate the
problem instances. To study the individual effects of TW and vehicle capac-
ity constraints on route ef�ciency, we �lter our set of experiment data con-
taining all 109, 888problem instances appropriately. For instance, to study
only the TW-induced effects, we set q = 2 (i.e., unlimited vehicle capacity).
Then, the total number of combinations reduces to 109, 888/8 = 13, 736.

All our problem instances are made up of exactly n = 100transportation
requests with uniform demand of di = 1 for pickup nodes and � di = � 1
for delivery nodes. The chosen number of n = 100 customers ensures
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that the total number of pickup and delivery stops as well as the number
of stops in each individual TW are always integral numbers. Moreover,
this approach ensures that our experiments neither suffer from excessive
computational cost nor are distorted by very small problem instances, for
which stop locations may not be suf�ciently evenly spread across the service
area.

For each problem instance, we then compute the corresponding numbers
of pickup requests, np, and delivery requests, nd, based on its rTW-, a0-
and aTW-values. Then, we randomly assign these pickup and delivery
requests to the individual TWs, np,t0, . . . ,np,tm and nd,t0

, . . . ,nd,tm under the
only constraint that the problem instance meets its cTW-value. In order
to generate the speci�c problem instances, we closely follow the method
proposed by Solomon (1987) and extended for PDPTW instances by H. Li
et al. (2003). The locations of the origin nodes of the np pickup requests
and the locations of the destination nodes of the nd delivery requests are
randomly assigned in such a way that they are uniformly distributed across
the service area. The locations of the corresponding destination and origin
nodes, respectively, are set to the depot in the center of the service area
and these nodes are not subject to anyTW constraints. For each parameter
combination, we generate nexp = 10 independent problem instances to
assess the variation in our numerical results and to be able to average out
particularly (dis)advantageous customer location combinations. We repeat
this procedure for each of the 8 capacity levels. For each capacity level, we
always assume the same randomly drawn assignment of transport requests
to each TW and the same customer locations. In doing so, we ensure that
all route ef�ciency effects induced by TW constraints and by the interaction
between TW and capacity constraints occur equally on each level of q.

3.3.3.5 Measure of Analysis

To determine the ef�ciency gain from integrating �rst-mile pickup and last-
mile delivery under TW constraints for each problem instance, we compare
the optimal distance traveled in an IDN with the total distance traveled in
a corresponding BC scenario. TheBC scenario consists of two independent
networks, the BCPICK network and the BCDEL network. The BCPICK
network contains all pickup requests and, correspondingly, the BCDEL
network contains all delivery requests, while their TW constraints and
loads remain unchanged in comparison to the IDN . Figure 3.4 illustrates
the three networks for a speci�c problem instance.
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Figure 3 .4: Schematic overview of the DR calculation – The IDN is set up as a
PDPTW and the BC scenario as a CVRPTW

We quantify the route ef�ciency effects under investigation based on a
DR, d, that compares the average inter-stop distance traveled in the in the
IDN with the average inter-stop distance travelled in the two BC networks,

d =
dIDN (gBCDEL + gBCPICK)
(dBCDEL + dBCPICK) gIDN

. (3.16)

Here, gIDN , gBCDEL and gBCPICK denote the total number of inter-stop links
of the routes in the solution for each of the three networks, respectively.
Note that we omit all line-haul distances between the depot and the �rst
stop of any route, as well as between the last stop of any route and the
depot. This is to ensure that the results focus on the service of local pickup
and delivery zones alone and are not in�uenced by the underlying network
structure, including the number and types of depots and vehicles (cf., Figure
3.1).

3.3.3.6 Heuristic Solution Approach and Quality Assessment

Both the CVRPTW and the PDPTW are NP-hard problems (cf., Battarra
et al., 2014; Desaulniers et al.,2014; Toth et al., 2002). In fact, it can be shown
that even �nding a feasible solution to these problems with a �xed �eet
size is itself an NP-complete problem (M. W. P. Savelsbergh, 1985). Due to
the large number of problem instances solved for our experiments ( 109, 888
combinations times 3 problem types (combined, pickup-only, delivery-
only) times 10 repetitions equals 3,296,640 problem instances) and their
relatively large instance sizes (n = 100), we need to strike a trade-off
between computational cost and solution accuracy. We therefore rely on
well-established heuristic and metaheuristic solution approaches based
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on the LNS paradigm (cf., Schrimpf et al., 2000; Shaw, 1998). The term
neighborhoodin LNS refers to the solution space which is implicitly de�ned
by heuristics that are used to destroy and repair an incumbent solution. LNS
heuristics are based on the observation that searching a large neighborhood
results in �nding local optima of high quality. However, since searching a
large neighborhood is very time consuming, various �ltering techniques
are used to limit the search to a subset of solutions which can be searched
ef�ciently. For an excellent overview of LNS solution approaches, we refer
the reader to Gendreau et al. (2019).

To solve our CVRPTW and PDPTW problem instances, we employ an
implementation of the ALNS heuristic proposed and extended in Ropke
et al. (2006a, 2006b), which was kindly provided to us by the authors of
these two studies. The ALNS framework extends the traditional LNS ap-
proach by approach by adaptively choosing from a number of insertion and
removal heuristics to intensify and diversify the search. Pisinger et al. ( 2007)
demonstrate that this approach yields comparatively robust results, is to
some extent self-calibrating due to its adaptive nature, and produces very
high quality solutions for a broad range of benchmark problem instances
of the VRPBs (including the CVRPTW and the PDPTW). We are therefore
con�dent that our chosen ALNS-based solution approach and its imple-
mentation is able to provide high quality solutions to the problem instances
considered in our numerical study.

When using the ALNS heuristic, we rely on the same parameter settings
as determined in Ropke et al. (2006b). In their study, the authors �ne
tune the ALNS parameters once before applying the tuned algorithm to 11
variants of the VRP. Ropke et al. (2006b) conclude that the time consuming
process of a complete parameter tuning would only need to be done once
for a given problem family. To further substantiate this claim, Pisinger
et al., 2007 plot the solution cost as a function of the ALNS heuristic
iteration count to show that the solution cost quickly converges towards
its optimum. They show that long before the stopping criterion of 25,000
remove–insert iterations is reached the solution cost deviates less that
1% from its optimum. To further mitigate any potential randomness or
parameter-imposed bias in our results, we solved three independent runs
for each of the 3, 296, 640problem instances and always recorded the lowest
solution cost obtained. All our experiments were run on a scienti�c high-
performance computing ( HPC) cluster containing 216compute nodes, each
equipped with two 64-core AMD EPYC 7742processors (2.25 GHz nominal,
3.4 GHz peak) and 512GB of DDR4 memory clocked at 3200MHz.
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3.3.4 Regression-based Correction for Unaccounted Effects

As we point out in Section 3.3.2, certain real-world complexities in inte-
grated pickup and delivery operations can lead to a deterioration of overall
route ef�ciency that cannot be captured through analytical considerations
alone. In the extant CA literature, such non-trivial route ef�ciency effects are
captured via proportionality factors that extend the well-established RLE
formulae for the TSPand VRP. In this study, we systematically assess the
non-trivial route ef�ciency effects of TW and vehicle capacity constraints.
To this end, we propose a set of proportionality factors serving as the depen-
dent variables in a number of regression formulae. These proportionality
factors are discussed in Section3.3.4.1. Subsequently, in Section3.3.4.2, we
explain how we set up our regression functions and �nally, in Section 3.3.5,
we introduce a hybrid data analysis approach, in which we pair visual EDA
with SRto determine the optimal functional form and parameters for our
regression functions.

3.3.4.1 Pickup-and-Delivery Proportionality Factors

accounting for vehicle capacity constraints The proportion-
ality factor kPD presented in Equation (3.4) (see, Section3.2.2.3) consists of
two terms: (i) an analytically derived lower limit, which captures the effect
of an increased stop density on the route ef�ciency of integrated pickup
and delivery routes, and (ii) a correction term, which corrects the lower
limit for vehicle capacity effects. While this proportionality factor is able to
account for the effect of vehicle capacity constraints, it does not yet capture
any effect of potential TW constraints. Due to the rede�nition of the vehicle
capacity scaling constant, we need to reassess the extant correction term
k̃PDC so that it becomes a function of q̃ rather than of q. In Section 3.4.3,
we derive the corresponding estimation function for k̃PDC based on our
experiment data.

accounting for tw constraints We propose a pickup-and-delivery
TW proportionality factor kPDTW capturing all relevant route ef�ciency ef-
fects that are present in a combined pickup and delivery transportation
network subject to discrete, non-overlapping TWs. Speci�cally, we de�ne
kPDTW as

kPDTW = kPD (a, n) + k̃PDTW (�) , (3.17)
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where kPD is the re�ned lower limit, which we introduce in Equation (3.6).
The term k̃PDTW captures the effect of all TW-related in�uences on route
ef�ciency that occur in an integrated pickup and delivery network and that
are not yet accounted for by extant CA approaches. Note that, in Equation
(3.17), the function arguments for k̃PDTW (�) are omitted for brevity and
clarity. In Section 3.4.2, we derive an estimation function for k̃PDTW based
on the experiment data.

accounting for vehicle capacity and tw constraints Sub-
sequently, we propose a pickup-and-delivery TW proportionality factor
kPDCTW capturing all relevant route ef�ciency effects in integrated �rst-mile
pickup and last-mile delivery operations due to (i) the increased stop den-
sity as captured by the analytically derived lower limit, (ii) vehicle capacity
constraints, (iii) TW constraints, and (iv) interaction effects between the
latter two. We de�ne kPDCTW as

kPDCTW = kPD (a, n) + k̃PDC (a, q̃) + k̃PDTW (�) + k̃PDCTW (�) , (3.18)

where k̃PDCTW is a correction term capturing all potential interaction effects
between vehicle capacity- and TW-related effects. In Section3.4.4, we derive
an estimation function for k̃PDTW based on our experiment data. Note that,
if the vehicle capacity constraints are relaxed, then k̃PDC = k̃PDCTW = 0 and
Equation (3.18) reduces to Equation (3.17). Similarly, if the TW constraints
are relaxed, then k̃PDTW = k̃PDCTW = 0 and Equation (3.18) reduces to
Equation (3.4).

3.3.4.2 Regression Functions

For each parameter combination in our numerical experiments and each of
the nexp = 10 independent experiment runs, we record the respective route

distance ratio d. We then compute the mean distance ratio d̄ = 1
nexp

å
nexp

i= 1 di

from the nexp = 10 independent instances. In a next step, we subtract
the lower limit kPD from the mean distance ratio d̄ to obtain the mean
residual distance ratio d̄res = d̄ � kPD. The reason we regress over the
residual distance ratios d̄res is that we want to ensure that all effects that
are attributable the CA-based lower limit kPD are excluded from the data
and only the unobserved, non-trivial route ef�ciency effects are taken into
account.

In a next step, we propose estimation functions for k̃PDTW in Section
3.4.2, for k̃PDCTW in Section 3.4.4 and the re�ned function for k̃PDC in
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Section 3.4.3. An exemplary regression function based on Equation (3.18)
which captures all relevant route ef�ciency effects in integrated pickup and
delivery networks induced by vehicle capacity constraints, TW constraints
and potential interaction effects is given by

kPDCTW � kPD = k̃PDC + k̃PDTW + k̃PDCTW , d̄ � kPD = d̄res (3.19)

= bPDC � hPDC + bPDTW
1 � hPDTW

1 + bPDTW
2 � hPDTW

2 + . . .

+ bPDCTW
1 � hPDCTW

1 + bPDCTW
2 � hPDCTW

2 + . . .+ e.

Finally, we determine the number and appropriate functional forms of the
regressors,h, and the coef�cients, b, in Equation (3.19) based on our EDA
and SRapproach introduced below. Note that, in our regression models,
we deliberately omit any intercept bPD

0 . In absence ofTW constraints and
vehicle capacity constraints, the CA-based lower bound kPD should equal
kPDCTW as it captures all route integration effects. Therefore, the intercept
bPD

0 must always be zero.

3.3.5 Hybrid Data Analysis Approach

To analyze the data from our numerical experiments, we propose a hybrid
data analysis approach in which we pair visual exploratory data analy-
sis (EDA) with symbolic regression ( SR), a genetic programming technique
that simultaneously searches both the parameters and the form of an equa-
tion that optimally predicts the given data. This approach is particularly
powerful when little a priori knowledge is available about potential patterns
and relationships among experimental variables hidden in the data, as it ef-
�ciently leverages expert knowledge, which has been shown to outperform
even advanced deep learning models (Thompson et al., 2020).

visual exploratory data analysis The term EDA was coined by
Tukey (1977), proposing that simple graphical and quantitative techniques
can be used to open-mindedly and unbiasedly explore large amounts of
data, especially when little is known about the data structure and the explo-
ration goals are vague. In particular, EDA techniques are used to identify
the most relevant variables in a data set as well as their potential interac-
tions, and to determine the complexity and general nature of the models
that are subsequently developed using these variables (Hinterberger, 2009).
Thus, EDA can be viewed as a hypothesis-generation process, in which the
researchers' creativity and domain knowledge are paired with the storage
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capacity, computational power and visualization capabilities of current
computer technology (see, de Oliveira et al., 2003; Keim, 2001). In our EDA,
we use typical graphical techniques, such as plotting the raw data (e.g.,
scatter plots of various experiment parameter combinations) and statistics
(e.g., mean plots, box plots, residual plots) using the data visualization
software Tableauand the visualization library Matplotlib for Python. We use
the knowledge acquired through our EDA about the general data structure,
interesting patterns and relationships between the experiment variables to
guide our subsequent SR approach.

symbolic regression Regression is known as the problem of search-
ing for an element in a class of functions that best �ts a given data set of
experimental observations. Usually, the general structure of any candidate
function is prede�ned and the goal is to determine the values of its co-
ef�cients that minimize a given error metric that measures the �t of the
function to the data set. However, if both the structure and the coef�cients
of the regression function are not known or de�ned a priori, they can be
determined using so-called SRtechniques (Augusto et al., 2000). In other
words, SRhelps identify the exact analytical description of a hidden system
from experimental data (see, Koza, 1992; Schmidt et al., 2007). Based on an
experimental data set with rows that are of the form f x1, . . . ,xn, yg where
y = f (x1, . . . ,xn), we can useSRto discover the correct symbolic expres-
sion for the unknown function f , including complications such as noise or
outliers (Udrescu & Tegmark, 2020). This task is an NP-hard problem since
functions are encoded as strings of symbols, and the combinatorial space of
symbolic expressions grows exponentially with string length.

A group of methods that are shown to be ef�cient in searching expo-
nentially large solution spaces are genetic algorithms ( GAs) (Udrescu &
Tegmark, 2020). SRis based on a specializedGA, which is referred to as
genetic programming ( GP) and was proposed by Koza (1994). In GP, a pop-
ulation of strings is evolved to �nd the sought-after formula. The strings
are represented as tree-structured chromosomes with nodes and terminals.
They encode algebraic expressions, which consist of candidate function
building blocks speci�ed by the researcher, e.g., mathematical operators,
variables, constants, and analytic functions (Augusto et al., 2000).

In SR, the performance of a candidate function is not evaluated based
on whether its �tness measure exceeds a given threshold. Rather, the SR
algorithm generates a set of candidate expressions to create a Pareto front
that spans between the dimensions of accuracy and parsimony. Candidates
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that are not on the Pareto front are discarded. The researcher can then
specify the right balance between expressions that may be more accurate
but over-�tting the data and others that may be more parsimonious but
oversimplifying the system (Schmidt et al., 2009). A �nal expression is
then chosen from the Pareto front by the researcher based on the expli-
cability of the expression and the accuracy requirements of its intended
use. Moreover, unlike related machine learning methods which also �t
data, such as polynomial regression or black-box neural networks, SRis a
system identi�cation method which explicates behavior. The closed-form
mathematical formulae generated by the SRalgorithm have excellent inter-
pretability, which makes it easier for humans to assess whether it includes
unacceptable bias (Udrescu, Tan, et al.,2020).

References toSRand GP can be found predominantly in the computer
science literature, where these methods were developed and enhanced. Ex-
amples of their successful application appear mainly in the natural sciences
and engineering literature, where often physically motivated equations
need to be distilled from experimental data (see, Y. Wang et al., 2019). GP is
frequently employed as a hyper-heuristic, which automates the process of
selecting or combining simpler heuristics in order to solve hard combinato-
rial optimization problems (see, e.g., E. K. Burke et al., 2009; E. K. Burke
et al., 2019; Hansen et al., 2019; Jacobsen-Grocott et al.,2017). It can also be
directly applied to (mixed) integer programming problems (see, Kostikas
et al., 2004; Zhong et al., 2020). While this makes GP a promising method
to explicitly solve variants of the VRP, to the best of our knowledge, GP in
the context of SRhas not yet been used to derive CA-basedRLE formulae
from experimental routing data.

To �nd pareto-optimal candidate expressions for our RLE formulae we
rely on the two best performing, state-of-the-art implementations of SR: the
open-source software AI Feynman2.0 (cf., Udrescu, Tan, et al.,2020; Udrescu
& Tegmark, 2020), and the commercial Eureqasoftware (cf., Dub�cáková,
2011; Schmidt et al., 2009). In AI Feynman2.0, we use the default hyper-
parameter settings as speci�ed in Udrescu and Tegmark ( 2020) with two
exceptions: We adjust the l parameter, which sets solution accuracy in
relation to solution parsimony, to l = 0.001N0.5

d and we suppress the initial
transformations of the dependent variable. In Eureqa, we use the default
parameter settings. Moreover, we provide both algorithms with a set of
7 basic functions (addition, subtraction, multiplication, division, power,
square root, constant) from which they can build candidate solutions. Both
implementations of SRoffer the possibility to randomly split the input data
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into a training and a validation data set to prevent over-�tting of the SR
models. We chose the training data set to contain 80% of the input data
and the validation data set to contain the remaining 20%. In principle, SR
algorithms search the solution space inde�nitely. Therefore, we decided to
stop the search process manually when no new pareto-optimal solutions
have been discovered for 12 hours.

To ensure that we detect all relevant drivers for route ef�ciency in com-
bined pickup and delivery networks that are subject to vehicle capacity
and TW constraints we take an iterative approach. To this end, we leverage
the knowledge discovered throughout the EDA and feed it the two SR
algorithms. In other words, we seed the equation search by adding com-
pound terms to the algorithms' initial set of candidate expressions. This
seeding approach does not constrain the equation search, but it biases the
search to reuse terms which are very likely to model important cause-effect
relationships hidden in the experiment data. Then, we assess the pareto-
optimal solutions found by both algorithms and feed the newly generated
knowledge about relevant patterns in the data back to the visual EDA
software, which marks the beginning of another iteration in our hybrid data
analysis approach. Note that throughout our data exploration process, we
employ the AI Feynman2.0 and Eureqaalgorithms in parallel to increase our
chances to uncover relevant patterns in our experiment data. In this process,
candidate expressions that are discovered by one of the two algorithms are
also frequently used to seed the other algorithm. This approach combines
the strengths of both algorithms to gradually uncover all relevant patterns
in the data and to converge to an expression that is both parsimonious
and well-interpretable, and accurate in quantifying the non-trivial route
ef�ciency effects we intend to investigate.

3.4 results

In this section, we discuss the individual and combined local effects of
integrating pickup and delivery operations with TW constraints and ca-
pacitated vehicles. We begin with explaining the sheer stop density-related
effect of combining both types of demand on the ef�ciency of joint routes
in Section 3.4.1. In Sections3.4.2 through 3.4.5, we then apply our iterative,
hybrid data analysis approach to capture the effects of vehicle capacity
constraints and TW constraints on local route ef�ciency. To substantiate
the results of these analyses, we perform a number of additional statis-
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tical analyses and present our results according to the following general
structure.

First, we present our proposed closed-form expressions for the CA-based
correction factors k̃PDTW , k̃PDC and k̃PDCTW. These factors constitute the
�nal outcome of our hybrid analysis approach combining EDA and SR, as
described in Section 3.3.5.

Second, we explore how sensitive the value resulting from these closed-
form correction factors is to changes in one or more of the input variables.
This helps us to identify the drivers of route ef�ciency in integrated pickup
and delivery networks and to comprehend and explain the complex interac-
tion effects between the input variables. To support this part of our analysis,
we refer to the results of so-called SHapley Additive exPlanations ( SHAP)
analyses, wherever necessary.SHAP (Lundberg et al., 2017) is a state-of-the-
art, uni�ed framework that helps interpreting and explaining predictions
from complex models, such as deep learning or ensemble models. Ap-
plications of SHAP analyses can be found, for instance, in the �nancial
and marketing literature (see, Jabeur et al., 2021; Meng et al., 2020). SHAP
values quantify the impact of a certain value of a given input variable on
the model output (i.e., the dependent variable) in comparison to the model
output that would be obtained if that particular input variable remained at
its mean value (which would correspond to a SHAP value of zero). Note
that the SHAP values corresponding to a certain combination of values
for all independent variables of a model add up to the deviation of the
resulting dependent variable from its mean value.

The results of a SHAP analysis are typically reported in characteristic
distribution plots in which the variables are sorted in descending order
of importance, i.e., their impact on the model prediction decreases from
top to bottom. An example for such a plot is shown in Figure 3.5. The
corresponding mean values of the experiment variables and the dependent
variable are listed in Table 3.2. These mean values are needed to be able
to quantify the in�uence of the experimental variables on the dependent
variable with the help of the SHAP values.
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Figure 3 .5: SHAP value distributions for k̃PDTW

Table 3 .2: Sample
means

rTW 0.6290

cTW 0.3307

aTW 0.4995

k̃PDTW 0.1

Third, we discuss the accuracy and robustness of the proposed closed-
form expressions. To this end, we conduct an OLS regression analysis with
the mean residual DR, d̄res, as the dependent variable and the proposed
SR-based closed-form expression as the independent variable to illustrate
and con�rm its accuracy in modeling the non-trivial route ef�ciency effects
in our experiment data. We further show box plots of the mean residual
DR over our experiment variables to visually con�rm the �t between the
experiment data and our closed-form expression. If the median lines of the
box plots �uctuate only marginally around zero and there is no clear pattern
or trend in the residuals, we can conclude that the proposed expression
accurately predicts the experiment data.

To assess the robustness of the proposed closed-form expressions beyond
the training and validation data split in Eureqaand AI Feynman2.0, we use
a standard 5-fold CV approach (see, e.g., Hastie et al.,2008; James et al.,
2013).

3.4.1 Stop Density Effects on Local Route Ef�ciency

In this section, we examine the effects of pickup and delivery integration
on joint routes in absence of any TW and vehicle capacity constraints.
To this end, we �lter our experimental data for q̃ = 1 and rTW = 0. In
absence of vehicle capacity constraints and time windows, the ef�ciency
gain from integrating pickup and delivery operations is at its theoretical
optimum, corresponding to the lower limit kPD (see, Section3.3.2). This
maximum ef�ciency gain results entirely from the increased stop density
of the combined routes (i.e., the IDN ) compared to separate pickup routes
and delivery routes (i.e., the BC networks). To illustrate this effect, we
plot the DR against a in Figure 3.6(a). The black markers represent the
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mean DRs, d̄, while the black line shows the lower limit kPD, given by
Equation (3.6). As we can see the experiment data vastly coincide with
the CA-based estimation of kPD. We can thus conclude that, in absence of
TW and vehicle capacity constraints, the highest route ef�ciency gains are
obtained in balanced routes, i.e., around a = 0.5. Moreover, since route
ef�ciency remains relatively stable for values of a between 0.3 and 0.7, a
large portion of the ef�ciency gains can already be realized in integrated
pickup and delivery routes for which one of the two request types is still
clearly dominant (cf., Bergmann et al., 2020).

Figure 3 .6: Mean DR from the nexp = 10 experiment runs, d̄, and the analytical
lower limit kPD against a for different levels of vehicle capacity con-
straints and TW constraints

As we show in the subsequent sections, real-world complications such
as TW and vehicle capacity constraints can have a deteriorating effect on
the route ef�ciency of integrated pickup and delivery routes. To illustrate
this, we plot the DR, d, against a in Figure 3.6(b) and �lter for problem
instances, in which all transportation requests have TWs associated with
them, i.e., rTW = 1, while the vehicles are not capacitated, i.e., q̃ = 1. In
Figure 3.6 (c), we show a similar plot, but �lter for problem instances, in
which none of thetransportation requests have TWs associated with them,
i.e., rTW = 0, and vehicle capacity constraints are very tight, i.e., q̃ � 0.1. In
both cases, the meanDR, d̄, is increasing to a level well above the lower limit,
kPD, indicating that that TW constraints and vehicle capacity constraints
complicate the optimal stop sequence, which leads to increased inter-stop
distances and lower route ef�ciency.
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3.4.2 Time Window Effects on Local Route Ef�ciency

In this section, we study the impact of discrete, non-overlapping TWs on
the route ef�ciency of combined pickup and delivery routes. To this end,
we consider only problem instances from our experimental data that are
not subject to vehicle capacity constraints (q̃ = 1).

closed -form expression for k̃PDTW The closed-form expression
obtained from our hybrid data analysis approach (see, Section 3.3.5) for a
correction factor that accounts for all major effects of TW constraints on
local route ef�ciency is given by

k̃PDTW (aTW , cTW , rTW ) = bPDTW
1 hPDTW

1 (3.20)

= bPDTW
1

�
aTW � a2

TW

�
rTW + bPDTW

11 rTW

c2
TW + bPDTW

12 cTWrTW + bPDTW
13

,

with bPDTW
1 = 0.95796, bPDTW

11 = 0.09807, bPDTW
12 = 1.9644and bPDTW

13 =
1.2931. Note that, as we would expect, k̃PDTW is equal to 0 when there are
no TW constraints in a given problem instance, i.e., rTW = 0. From Equation
(3.20), we see that theCA correction factor k̃PDTW is a function of three of
the TW parameters we de�ned in Section 3.3.3.3: rTW , cTW and aTW . We
�rst explore the sensitivity of k̃PDTW to changes in only one of these input
variables. We then turn to the most important interaction effects among the
three variables and their combined impact on k̃PDTW .

sensitivity to r TW From Figure 3.5, which we introduced above, we
see that k̃PDTW is most sensitive to changes in rTW , i.e., the ratio between
transportation requests with and without TW constraints. rTW occurs in
both the numerator and the denominator of Equation (3.20) so that its net
effect on k̃PDTW is not straightforward. However, we clearly see from Figure
3.5 that k̃PDTW increases asrTW increases. An increase ink̃PDTW translates to
an increase in theDR between the IDN and the two BC networks. Therefore,
route ef�ciency in combined pickup and delivery networks deteriorates as
rTW increases. This con�rms our intuition that route ef�ciency deteriorates
as more transportation requests becomeTW-constrained, since the vehicle
routes incur detours and at some point even additional vehicles may be
required in order to comply with all time windows.

To further illustrate this effect, we plot the mean unexplained residual
DR, d̄res, against rTW in Figure 3.7(a). We obtain d̄res by subtracting the CA-
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based lower limit, kPD, from the mean DR over the nexp = 10 independent
experiment runs, d̄. The �gure shows a strictly increasing trend of the
residual DR, d̄res, over rTW .

Figure 3 .7: Mean residual DR from the nexp = 10 experiment runs, d̄res, against
(a) rTW and (b) rTW for various levels of cTW

sensitivity to cTW According to Figure 3.5, k̃PDTW is second most sen-
sitive to changes in cTW , i.e., the portion of pickup and delivery customers
with TWs that demand service within the sameTW. Moreover, we see that
k̃PDTW decreases ascTW increases, which we can also see from Equation
(3.20), where cTW only appears in the denominator. A decrease in k̃PDTW

translates to a decrease in theDR between the IDN and the two BC net-
works. We can thus conclude that route ef�ciency in combined pickup and
delivery networks improves as cTW increases. This con�rms our intuition:
When an increasing number of pickup and delivery stops fall into the same
TW, it becomes more likely that geographically close pickup and delivery
stops can be served ef�ciently on the same vehicle route. This can ultimately
save vehicle trips and increase overall vehicle utilization.

sensitivity to aTW According to Figure 3.5, k̃PDTW is least sensitive
to changes in aTW , i.e, the ratio between pickup and delivery requests with
TWs. For aTW , the SHAP value distribution looks fundamentally different
from those for rTW and cTW : For aTW-values around its mean of about 0.5,
SHAP values are positive, while for larger deviations of aTW from its mean
in either direction SHAP values become negative. This is also re�ected in
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the term
�
aTW � a2

TW

�
in the numerator of Equation (3.20), which results

in an inverse U-shaped effect of aTW on k̃PDTW . This inverse U-shaped
effect implies that route ef�ciency losses in the IDN are particularly severe
for values of aTW close to its mean. We provide an explanation for this
observation next, when we discuss the interaction effects between aTW and
rTW .

interaction effect between r TW and cTW Beyond the individual
effects of the experimental variables on k̃PDTW , we can observe a number of
interaction effects among them. Here, the interaction between rTW and cTW
is particularly noteworthy. In Equation (3.20), this interaction is re�ected
in the interplay between the term rTW in the numerator and the terms
c2
TW and cTWrTW in the denominator. In Figure 3.7(b), we illustrate this

interaction by plotting the residual DR, d̄res, against rTW for 11 levels of cTW .
For the sake of readability, the plot shows the average residual DRs, d̄res,
across all values of a0 and aTW . We can see that the in�uence of cTW on
route ef�ciency is greater the larger the value of rTW . In other words, as the
proportion of pickup and delivery customers with TW restrictions increases,
it also becomes more important for overall route ef�ciency whether these
customers request pickup/delivery in the sameTW. This appears intuitive,
because if a large number of pickup and delivery requests can be served
within the same TW, it becomes more likely that they can be integrated
into ef�cient joint routes.

interaction effect between r TW and aTW Further, there is a
strong interaction effect between rTW and aTW . In Equation (3.20), this effect
is accounted for by the term

�
aTW � a2

TW

�
rTW in the numerator. To study

this interaction effect, we plot the residual DR, d̄res, against aTW for various
levels of rTW in Figure 3.8(a), �ltering the experiment data for instances in
which cTW = 0, such that route integration is strongly inhibited. For the
sake of readability, we show the average residual DRs, d̄res, across all values
of a0. We clearly see the inverse U-shaped effect, which we already touched
upon in the previous paragraph. This effect becomes more pronounced as
rTW increases. As the ratio between pickup and delivery customers with
TWs becomes more balanced (i.e., intermediary values ofaTW) and as there
are more customers requesting TW delivery (i.e., high values of rTW), the
more dif�cult it becomes to ef�ciently integrate pickups and deliveries into
joint routes. The underlying mechanisms that drive this route ef�ciency
effect relate back to our discussion in Section 3.4.1, where we saw that route
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ef�ciency gains due to stop density effectsare particularly high for values of
a around 0.5. Sincea and aTW are interdependent according to Equation
(3.10), the value of aTW will inevitably approach 0.5 if a � 0.5 and as rTW
increases. Therefore, problem instances that potentially yield the highest
ef�ciency gains when integrating pickups and deliveries into joint routes
are also most prone to forfeiting these ef�ciency gains if the conditions
become less amenable for route integration, e.g., if the share of customers
with TW-restrictions increases, i.e., for high values of rTW . Similarly, we
saw in Section 3.4.1 that it is inherently dif�cult to integrate pickup and
delivery operations for a-values that are particularly low ( a < 0.2) or high
(a > 0.8). In this case, route integration does hardly yield any ef�ciency
gains. Therefore, following the same logic as above, as the value of rTW
increases, route ef�ciency is hardly affected.

Figure 3 .8: Mean residual DR from the nexp = 10 experiment runs, d̄res, against
aTW for different levels of (a) rTW and (b) cTW

interaction effect between cTW and aTW Another noteworthy
interaction effect between cTW and aTW is accounted for in Equation (3.20)
by the interplay between the term

�
aTW � a2

TW

�
in the numerator and the

two occurences of the term cTW in the denominator. To illustrate the effect,
we plot the residual DR, d̄res, against aTW for 11 levels of cTW in Figure
3.8(b) �ltering our experiment data for relatively large values of ( rTW > 0.5).
For the sake of readability, we show the average residual DRs, d̄res, across
all values of a0 and the remaining values of rTW . Note that the plot lines
in Figure 3.8(b) gradually decrease in length and eventually reduce to a
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single point as cTW increases. This is because, according to our de�nition of
cTW in Equations (3.12), increasing values of cTW become possible asaTW
approaches a value of 0.5.

Similar to our observations in Figure 3.8(a), we see an inverse U-shaped
effect of aTW on d̄res. This pattern is more pronounced as cTW decreases.
Thus, as the ratio between pickup and delivery customers with TWs be-
comes more balanced and as these customers need to be served more often
in different TWs, the more dif�cult it becomes to ef�ciently integrate the
pickups and deliveries into joint routes. In line with our reasoning in the
previous paragraph, these mechanisms can be explained by the fact that
problem instances that yield the highest route ef�ciency gains due to an
increased stop density in integrated pickup and delivery networks are also
most prone to forfeiting these ef�ciency gains as the conditions for route
integration deteriorate – in this case due to a decrease in cTW .

accuracy and robustness check of k̃PDTW The results from our
OLS regression analysis for k̃PDTW can be found in Table 3.5 in Supplement
3.6.4. In this regression analysis, the expression for hPDTW

1 from Equation
(3.20) serves as the only regressor. Note that, as measured byR2

adj, our

regression model explains 86.9%of the variation in d̄res and the t-statistic
con�rms that the coef�cient bPDTW

1 is statistically signi�cant ( p < 0.001).
Further, we report the results from our CV in Table 3.6 in Supplement 3.6.4.
Both the parameter estimates and the R2

adj-values deviate only minimally
from the parameter estimates which were estimated based on the entire
data set. This leads us to the conclusion that our proposed expression for
k̃PDTW is not prone to changes in the underlying data and is capable of
accurately describing the experiment data.

In Figure 3.9, we show box plots of the mean residuals, d̄res � k̃PDTW ,
against the TW parameters. The median lines of the box plots �uctuate only
marginally around zero and there is no major pattern or trend observable
in the residuals. Moreover, it is worth mentioning that more than 50%of the
residuals lie within � 0.015. We can thus also visually con�rm the excellent
�t between the simulation data and our closed-form expression for the
correction term k̃PDTW .

3.4.3 Vehicle Capacity Effects on Local Route Ef�ciency

In this section, we study the impact of vehicle capacity constraints on the
ef�ciency of combined pickup and delivery routes. For our analysis, we
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Figure 3 .9: Boxplots of residuals d̄res � k̃PDTW for (a) rTW , (b) cTW , (c) aTW and
(d) a0

consider only problem instances from our experimental data that are not
subject to TW constraints (rTW = 0).

closed -form expression for k̃PDC The closed-form expression ob-
tained from our hybrid data analysis approach (see, Section 3.3.5) for a
correction factor that accounts for all major effects of vehicle capacity con-
straints on local route ef�ciency is given by

k̃PDC (a, q̃) = bPDC
1 hPDC

1 = bPDC
1

� p
a +

p
1 � a � 1

�
 

1

q̃bPDC
11

� 1

!

, (3.21)

where bPDC
1 = 2.9295� 10� 3 and bPDC

11 = 1.4956. Note that, as we would
expect, k̃PDC is equal to 0 when there are no capacity constraints in a given
problem instance, i.e., q̃ = 1. The above expression for k̃PDC (based on q̃) is
very similar to the expression proposed by Bergmann et al. ( 2020) (based
on q). Therefore, we can observe the same underlying mechanisms that
in�uence route ef�ciency in combined pickup and delivery routes with
capacity constraints.

sensitivity to q̃ As the vehicle capacity Ck is reduced through q̃
the value of the correction term k̃PDC increases. We can thus conclude
that vehicle capacity constraints affect the IDN more heavily than the two
BC networks. This is because the average vehicle utilization is higher in
the combined network than in each of the two separate networks. As
the vehicle capacity is reduced, vehicles in the combined network need
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to deviate more frequently from distance-optimal routes or additional
vehicles may be required in order to ful�ll all transportation requests. Note
that route ef�ciency does not deteriorate linearly with decreasing vehicle
capacity. Rather, this effect becomes increasingly severe for particularly
small capacities. The parameter bPDC

11 ultimately determines how quickly a
certain decrease in q̃ leads to a loss of route ef�ciency.

sensitivity to a k̃PDC is a function of a 2 [0, 1]. Speci�cally, the term� p
a +

p
1 � a � 1

�
re�ects an inverse U-shaped effect with a maximum at

a = 0.5. The mechanisms that drive this effect are the same as described in
Section 3.4.2 for the effect of TW constraints. The only difference is that, in
Equation (3.21), the inverse U-shaped pattern is represented by the term� p

a +
p

1 � a � 1
�
, which follows a bulbous trend when plotted, while, in

Equation (3.20), the term
�
aTW � a2

TW

�
follows a somewhat more peaked

trend.

accuracy and robustness check of k̃PDC The results from our
OLS regression analysis for k̃PDC can be found in Table 3.7 in Supple-
ment 3.6.5. In this regression analysis, the expression for hPDC

1 from Equa-
tion (3.21) serves as the only regressor. As measured byR2

adj, our regres-

sion model explains 94.2%of the variation in the dependent variable d̄res,
which is a considerably higher value than the R2

adj = 69.9%reported in
Bergmann et al. (2020). We can thus conclude that our SR-based expres-
sion for k̃PDC (a, q̃) is better suited to explain the complex route ef�ciency
effects of vehicle capacity constraints than the expression for k̃PDC (a, q)
proposed by Bergmann et al. (2020). Finally, we report the results from our
CV in Table 3.8 in Supplement 3.6.5. Since the parameter estimates and
the R2

adj-values deviate only minimally we can conclude that our proposed

expression for k̃PDC does not over-�t our experiment data.

3.4.4 Interaction Effects between Time Windows and Vehicle Capacity

In this section, we examine the interaction effects between TW constraints
and vehicle capacity constraints on the ef�ciency of integrated pickup
and delivery routes. For our analysis of these interaction effects, we now
consider our entire experimental data.

closed -form expression for k̃PDCTW The closed-form expression
obtained from our hybrid data analysis approach (see, Section 3.3.5) for a
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correction factor that accurately describes the interaction effects between
TW constraints and vehicle capacity constraints is given by

k̃PDCTW (cTW , oTW , q̃, rTW ) (3.22)

= bPDCTW
1 hPDCTW

1 + bPDCTW
2 hPDCTW

2 + bPDCTW
3 hPDCTW

3

= bPDCTW
1

vu
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oTWcTWrTW ,

where bPDCTW
1 = � 9.5329� 10� 3, bPDCTW

2 = 3.6261� 10� 6, bPDCTW
3 =

2.2394� 10� 3 and bPDC
11 = 1.4956(see, Section3.4.3). Note that the ex-

pression for k̃PDCTW in Equation (3.22) becomes equal to 0 if there are
either no vehicle capacity constraints, i.e., q̃ = 1, or no TW constraints, i.e.,
rTW = oTW = 0. From Equation (3.22), we see that theCA correction factor
k̃PDCTW comprises three terms which contain our experimental variables q̃,
rTW , oTW and cTW . In the following, we explore the sensitivity of k̃PDCTW to
changes in these four variables.

interaction effect between q̃ and r TW In Equation (3.22), the
�rst term, bPDCTW

1 hPDCTW
1 , causesk̃PDCTW to decrease asq̃ decreases orrTW

increases (note the negative sign of the parameterbPDCTW
1 ). A decrease in

k̃PDCTW translates to an increase in route ef�ciency. This is in line with our
intuitive expectation that – if capacity constraints and TW constraints are
both present in a given problem instance at the same time – the negative
route ef�ciency effects of TW constraints and vehicle capacity constraints do
not simply add up. We rather expect the route ef�ciency losses to be smaller
than the sum of the two individual effects because the DR as our measure
of analysis has an upper limit of 1. This limit is reached if the integration
of routes does not yield any ef�ciency gains, i.e., when the routes in the
IDN are equivalent to those in the two BC networks. If the route ef�ciency
losses due toTW and vehicle capacity constraints were cumulative, the DRs
could, however, become greater than 1.

We can further con�rm this interaction effect between q̃ and rTW when
plotting our experiment data. In Figure 3.10, we plot the residual d̄res �
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Figure 3 .10: Boxplots for the residuals d̄res � k̃PDC � k̃PDTW against rTW and
against q̃

k̃PDC � k̃PDTW against rTW and against q̃, respectively. We can observe a
slightly decreasing trend in the box plots as rTW increases and asq̃ decreases,
suggesting that the route ef�ciency losses under both, vehicle capacity and
TW constraints, are smaller than the sum of the two individual effects.
Moreover, we notice heteroscedasticity in the residuals displayed in both
plots, i.e., the variance in the data increases asrTW increases and asq̃
decreases. A likely explanation for this heteroscedasticity is the omission of
an important variable that has a greater in�uence on route ef�ciency when
rTW is large or q̃ is small, respectively (see, e.g., Greene,2002; Wooldridge,
2015). During our analysis we found that oTW , which was not part of
the initial set of input variables used to generate the experiment data,
can successfully reduce the heteroscedastic pattern and help explain the
complex interaction effects between TW and vehicle capacity constraints in
combined pickup and delivery routes. The additional parameter oTW , which
we formally introduce in Equations (3.15) in Section 3.3.3.3, is therefore part
of the remaining two interaction effects that we assess in the following.

interaction effect between q̃ and oTW In Equation (3.22), the
second term, bPDCTW

2 hPDCTW
2 , causesk̃PDCTW to increase as q̃ decreases

or oTW increases. This interaction effect is ampli�ed by the third term,
bPDCTW

3 hPDCTW
3 , which comprises q̃ and oTW as well. Generally, we expect
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route ef�ciency to deteriorate as oTW increases. For oTW > 0.5, i.e., if
pickup customers with TWs need to be served on average before delivery
customers with TWs, the integration of pickup and delivery routes is
hampered because the delivery loads (picked up at the depot) consume
a large portion of a vehicle's carrying capacity early on in the route and
prevent the vehicle from picking up further loads from the service area on
distance-optimal routes. In the opposite case, if oTW < 0.5, route integration
is not strongly affected because the vehicle can focus on serving the time-
critical delivery requests �rst and subsequently has enough free capacity to
serve the less time-critical pickup requests. With this in mind, it is plausible
that the negative impact of an increasing value of oTW on route ef�ciency
becomes even more pronounced as vehicle capacity constraints become
tighter (i.e., q̃ decreases).

sensitivity to q̃, oTW and r TW In the third term of Equation (3.22),
bPDCTW

3 hPDCTW
3 , we notice an additional important interaction effect be-

tween q̃, oTW and rTW , that can be explained rather intuitively. Since we
already discussed the interaction between q̃ and oTW above, we can focus on
the additional effect of rTW . When a larger portion of customers requesting
service within a TW, i.e., if the value of rTW increases, this leads to an
increase in k̃PDCTW, which corresponds to a decrease in route ef�ciency.
Ultimately, an increase in rTW causes the negative route ef�ciency effects
of an increasing value of oTW (i.e., more TW-constrained pickup requests
requiring service before TW-constrained delivery requests) and of a de-
creasing value q̃ (i.e., tightening vehicle capacity constraint) to become more
pronounced.

sensitivity to q̃, r TW and cTW The third term of Equation (3.22),
bPDCTW

3 hPDCTW
3 , contains another important interaction effect between q̃,

rTW and cTW . Here, increasing values of cTW and rTW or decreasing values
of q̃ lead to higher values of k̃PDCTW, which corresponds to decreasing route
ef�ciency. As vehicle capacity constraints become tighter ( q̃ decreases), and
as the number of customers with TW constraints grows (rTW increases), it
becomes increasingly dif�cult to ef�ciently integrate pickups and deliveries
into joint routes, especially if pickup and delivery customers need to be
served in the sameTW, i.e., if cTW is large. Thus, while large values of
cTW-values are bene�cial for the integration of pickups and deliveries if the
vehicles are uncapacitated (see, Section3.4.2), the opposite holds true as
vehicle capacities become increasingly constrained.



3.4 results 125

3.4.5 Summarizing the Effects on Local Route Ef�ciency

In this section, we present the complete closed-form expression for kPDCTW

in which all ef�ciency effects of pickup and delivery integration on joint
routes in presence of TW and vehicle capacity constraints are considered. Ul-
timately, this expression for kPDCTW summarizes all effects that we analyze
above in Sections3.4.2 through 3.4.4 and is given by

kPDCTW= kPD(a,n)+ k̃PDC(a,q̃)+ k̃PDTW (aTW ,cTW ,rTW )+ k̃PDCTW (cTW ,oTW ,q̃,rTW ) (3.23)

= bPD
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where bPD
1 = 1, bPD

11 = 1
3, bPDC

1 = 2.9295� 10� 3, bPDC
11 = 1.4956, bPDTW

1 =
0.95796, bPDTW

11 = 0.09807, bPDTW
12 = 1.9644, bPDTW

13 = 1.2931, bPDCTW
1 =

� 9.5329� 10� 3, bPDCTW
2 = 3.6261� 10� 6, bPDCTW

3 = 2.2394� 10� 3.
In Equation (3.23), the �rst term, bPD

1 hPD
1 , describes the effects of an

increased stop density in integrated pickup and delivery networks in com-
parison to conducting the two operations separately. This term is the analyt-
ically derived lower limit and indicates the maximum route ef�ciency gains
that are attainable when there are neither TW nor capacity constraints. The
second term, bPDC

1 hPDC
1 , captures the effect of vehicle capacity constraints

on local route ef�ciency in integrated pickup and delivery networks. The
third term, bPDTW

1 hPDTW
1 , describes the effect ofTW constraints, and the

remaining terms collectively capture the interaction effects between vehicle
capacity and TW constraints. Note that Equation (3.23) reduces to Equation
(3.20) if the vehicle capacity constraints are relaxed (q̃ = 1), and to Equation
(3.21) if the TW constraints are relaxed (rTW = oTW = 0). In Supplement
3.6.6, we brie�y summarize the main effects covered in Equation 3.23 on



126 route efficiency implications – time windows , vehicle capacities

the basis of a SHAP-value analysis. Moreover, we present an additional
accuracy and robustness check of our �nal closed-form expression for
kPDCTW.

3.5 conclusion

In this paper, we analyze the route ef�ciency effects that emerge from
combining �rst-mile pickup and last-mile delivery operations into joint
routes. We speci�cally focus on the effects of TW constraints, vehicle capac-
ity constraints, and the interaction effects between both constraint types
on local route ef�ciency gains due to the integration of pickup and de-
livery operations. While the extant literature on route planning problems
still exhibits a strong focus on the case of unidirectional �ows of goods
(i.e., on delivery-only or pickup-only networks), a growing e-commerce
sector, recent innovations in its associated logistics services, and grow-
ing customer needs for �exible returns options and faster delivery lead
times call for an increased focus of academic research on networks with
bi-directional �ows of goods. Therefore, we extend the existing literature on
CA-based optimal route length estimation, to systematically account for the
effects of integrated pickup and delivery operations on expected inter-stop
distances. Through extensive numerical experiments and a hybrid data
analysis approach combining EDA and SR, we derive closed-form route
length adjustment factors that capture the non-trivial route ef�ciency effects
caused byTWs constraints and vehicle capacity constraints, which could not
be captured by analytical considerations alone. Various robustness checks
con�rm that our proposed closed-form route length adjustment factors are
not prone to changes in the underlying data and are capable of accurately
describing the data from our numerical experiments. As measured by R2

adj
our proposed adjustment factor accounting for TW constraints, capacity
constraints and their interactions is capable of explaining 91.4% of the
variation in our experiment data.

Our analyses suggest that the ef�ciency gains emerging from an increased
stop density in integrated pickup and delivery operations can be as high as
30% even if the number of pickup and delivery requests in a route is not
balanced. Further, we �nd that these ef�ciency gains deteriorate as time
window and vehicle capacity constraints are imposed. These real-world
complications affect the optimal stop sequence in integrated routes and
diminish or even eliminate the expected ef�ciency gains from integrating
�rst- and last-mile operations. Speci�cally, we �nd that route ef�ciency does
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not deteriorate linearly with decreasing vehicle capacity. Rather, this effect
becomes increasingly pronounced for particularly small capacities. With
regards to TW constraints, we �nd a small set of only three parameters
is suf�cient to capture the complex effects that TW constraints impose on
the route ef�ciency in integrated networks. Our analysis of the interaction
effects between TW and vehicle capacity constraints indicates that the
individual (negative) effects of these constraints on overall route ef�ciency
do not simply add up if both types of constraints are present. Rather,
the combined loss in route ef�ciency due to both types of constraints is
typically smaller than the sum of their individual effects. Moreover, we �nd
that the interaction effects between TW and vehicle capacity constraints is
strongly in�uenced by the temporal arrangement of the pickup and delivery
customers: If pickup customers with TWs need to be served on average
before delivery customers with TWs, the integration of pickup and delivery
routes is hampered. In the opposite case, if delivery customers need to be
served largely before pickup customers, route integration is hardly affected.

We see a number of fruitful avenues for future research based on the
work presented in this paper. First, in this study, we focus on local route
ef�ciency effects, i.e, we base our analysis on the average inter-customer
travel distance and omit any ef�ciency effects that might occur on the line-
haul components of the corresponding vehicle routes. We do this to ensure
that our results are not in�uenced by the underlying network structure,
i.e., the number and locations of depots. Future research should therefore
explore the ef�ciency effects of an integration of pickup and delivery op-
erations on the line-haul components of the corresponding vehicle routes.
A systematic experiment design would need to capture the wide range of
potential con�gurations of the underlying facility network and potential
variations in the characteristics and spatial distribution of transportation
requests. Among other things, it would be insightful to formally describe
under which circumstances local route ef�ciency effects would outweigh
potential line-haul ef�ciency effects and vice versa. Second, we limit our
analyses to the case ofTWs that are (i) discrete, (ii) non-overlapping, and
(iii) hard/binding. Extending our analysis to overlapping and/or soft TWs
would be an obvious next step. Third, for certain real-world applications
such as food-delivery or shared mobility services, incorporating transporta-
tion requests in which both the pickup and the delivery occur along the
same local route rather than one of them occurring at a depot facility, would
be a valuable extension of our theoretical analysis. This would involve a
more explicit consideration of resulting complexities such as precedence
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constraints that connect pickups with their corresponding deliveries. In
this context, the impact of consolidated pickups and/or deliveries (i.e.,
shipments that connect one shipper (or recipient) with multiple recipients
(or shippers)) would be of interest. Lastly, extending our analysis to the
much more complex case of dynamic routing/pickup-and-delivery prob-
lems would be particularly relevant for research and practice. Insights from
such an analysis could inform the design and operation of on-demand
transportation systems, such as highly responsive e-commerce distribution,
food or grocery delivery services.

3.6 supplements

3.6.1 Notation

Table 3 .3: Basic notation

Symbol De�nition

a Pickup-to-delivery ratio, relating the number of pickup nodes
to the number of delivery nodes.

a0 2 [0, 1] Null time window pickup-to-delivery ratio; De�ned as the
ratio between pickup nodes that can be served at any time
and all nodes not requesting service within a speci�c TW.

aTW 2 [0, 1] Time window pickup-to-delivery ratio; De�ned as the ratio
between pickup nodes demanding service within a certain
TW and all nodes with TWs.

bi Regression parameters in a regression model.
gBCDEL Number of links to be driven by the vehicles to serve all

customers in the BCDEL.
gBCPICK Number of links to be driven by the vehicles to serve all

customers in the BCPICK.
gIDN Number of links to be driven by the vehicles to serve all

customers in the IDN network.
d Distance ratio calculated from the simulated route data
dres Mean residual distance ratio, only re�ecting the unobserved,

non-trivial route ef�ciency effects.
d̄, d̄res Means of the respective (residual) distance ratios, obtained

from the nexp repetitions of each problem instance.
e Error term in a regression model.
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Table 3 .3: Basic notation

Symbol De�nition

hi Independent variables in a regression model.
k Route length approximation factor for the TSP.
k0 Route length approximation factor for the CVRP.
kPD Proportionality factor accounting for integrated pickup and

delivery routes served by capacity-constrained vehicles.
kPD Lower limit to the proportionality factors capturing the effect

of an increased stop density in integrated pickup and delivery
routes.

kPDC Proportionality factor accounting for integrated pickup and
delivery routes with vehicle capacity constraints.

k̃PDC Correction factor accounting for vehicle capacity in�uences
in integrated pickup and delivery routes.

kPDCTW Proportionality factor accounting for integrated pickup and
delivery routes with TW constraints served by capacity-
constrained vehicles.

k̃PDCTW Correction factor accounting for the interaction effects be-
tween vehicle capacity constraints and TW constraints in
integrated pickup and delivery routes.

kPDTW Proportionality factor accounting for integrated pickup and
delivery routes with TW constraints.

k̃PDTW Correction factor accounting for TW constraints in integrated
pickup and delivery routes.

A Service area containing all n transportation requests.
Ak Set containing all feasible arcs between the nodes inVk; Subset

of Vk � Vk.
ai , ak+ Time window start of transportation request i and depot

location k+ , respectively.
bi , bk+ Time window end of transportation request i and depot

location k+ , respectively.
Ck 2 N Capacity of vehicle k.
ci jk Travel cost between distinct nodes i, j 2 Vk for vehicle k.

cTW 2 [0, 1] Time window pickup-to-delivery cover; Describes how simi-
lar the two distinct TW distributions for pickup and delivery
operations are.

D = f i � g Set of delivery nodes.
Dk Subset of D, which is associated with vehicle k.
dBCDEL Total distance traveled in the BCDEL.
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Table 3 .3: Basic notation

Symbol De�nition

dBCPICK Total distance traveled in the BCPICK.
dCVRP Distance of an optimal VRP route.
di Load to be transported between pickup node i+ and delivery

node i+ of transportation request i.
dIDN Total distance traveled in the IDN.
dTSP Distance of an optimal TSPtour that only consists of pickup

or delivery stops, respectively.
E[�] Expected value.
gd 2 [0,m] Centre of gravity for delivery customers with TWs; Describes

in which of the m TWs the delivery customers lie on average.
gp 2 [0,m] Centre of gravity for pickup customers with TWs; Describes

in which of the m TWs the pickup customers lie on average.
Gk = ( Vk, Ak) Network graph for vehicle k consisting of vertices Vk and arcs

Ak.
h Time horizon which comprises all time window.
i 2 N Individual transportation request in the set of transportation

requests N.
i+ 2 P Pickup node of transportation request i.
i � 2 D Delivery node of transportation request i.
K Set of vehicles.
k+ Start node (depot location) of vehicle k.
k� End node (depot location) of vehicle k.
k 2 K Individual vehicle in the set of vehicles K
l i+ = di Load associated with pickup node i+ of transportation re-

quest i.
l i � = � di Load associated with delivery node i � of transportation re-

quest i.
m Number of non-overlapping time window of equal length

within time horizon h.
N = P [ D Set of transportation requests.
Nk = Pk [ Dk Subset of N, which is associated with vehicle k.
n Number of transportation requests in N. Corresponds to the

total number of customer nodes within the service area A to
be visited by the �eet of vehicles K.

nd Number of delivery transportation requests in N. Corre-
sponds to the number of delivery customer nodes within
the service areaA.
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Table 3 .3: Basic notation

Symbol De�nition

nd,t0
, . . . ,nd,tm

Numbers of delivery nodes assigned to TWs td,0, . . . ,td,m.
nexp Number of independent repetitions of the simulation experi-

ments.
np Number of pickup transportation requests in N. Corresponds

to the number of pickup customer nodes within the service
area A.

np,t0, . . . ,np,tm Numbers of pickup nodes assigned to TWs tp,0, . . . ,tp,m.

nt0, . . . ,ntm Numbers of all pickup and delivery nodes assigned to TWs
t0 . . . ,tm.

oTW 2 [0, 1] Time window pickup-to-delivery order; Describes whether
pickup customers with TWs need on average to be served
temporarily before or after delivery customers with TWs.

P = f i+ g Set of pickup nodes.
Pk Subset of P, which is associated with vehicle k.
q Vehicle capacity scaling constant as de�ned in Bergmann et al.

(2020).
q̃ Vehicle capacity scaling constant, scaling the vehicle capacity

relative to the total number of pickup or delivery requests in
the service area.

r Average line-haul distance from the depot to the service
region.

rTW 2 [0, 1] Time window ratio; De�ned as the ratio between nodes with
TWs and all nodes.

s Service time, which must begin within TW [ai , bi ] for trans-
portation request i.

t0 . . . ,tm Distinct time window of equal length within time horizon h..
td,0, . . . ,td,m Distinct time window for deliveries.
t i jk Travel time between distinct nodes i, j 2 Vk for vehicle k.

tp,0, . . . ,tp,m Distinct time window for pickups.

Vk = Nk [ (k� , k+ ) Set of vertices (nodes) relevant for vehicle k.

3.6.2 Derivation of a Lower Limit to the Pickup and Delivery Proportionality
Factor

The integration of pickups and deliveries into joint routes would yield the
strongest route ef�ciency gains in the hypothetical scenario in which it only
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leads to an increase in stop density, without imposing additional detours to
the sequence of stops followed along the route, e.g., due to vehicle capacity
constraints or TW constraints. This maximum possible ef�ciency gain is
re�ected in the lowest possible value that kPD can assume, i.e., the lower
limit kPD. The lower limit can then be interpreted as the ratio of the expected
distance of an optimal line-haul-free TSPtour with integrated pickup and
delivery and the expected combined distances of two separate, optimal
line-haul-free TSP tours that only consist of pickup and delivery stops,
respectively. Using Equation ( 3.1) from Section 3.2.2, we can thus write

kPD =
dTSP (n, A)

dTSP
�
np, A

�
+ dTSP (nd, A)

(3.24)
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where k is a coef�cient, which is itself a function of the number of vehicle
stops n with lim n! ¥ k (n) = 1p

2
(see, Section3.2.2). With the help of

n = np + nd and a = np
np+ nd

(see, Section3.3.1), we can isolate np and nd as

follows:

np = an, (3.25a) nd = (1 � a) n. (3.25b)

Inserting Equations (3.25a) and (3.25b) into Equation (3.24), rearranging
of terms and canceling
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In Section 3.2.2.1, we review the extant literature on k-values for the TSP
and �nd that the value k takes depends on parameters such as the distance
metric, the distribution of the n stops across the service areaA and the
shape of A. Moreover, for small n, k (n) can be considerably far from its
asymptotic value (see, Lei et al., 2015). However, unfortunately, few research
has been conducted on k-values for relatively small problem instances
(see, Choi et al., 2020). Speci�cally, we could not detect any study that
proposes a function for k (n) that meets our requirements of Euclidean
distances, uniformly distributed vehicle stops across a quadratic service
area A and n 2 [1, 100]. We therefore propose a function for k (n) that is
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�tted to our simulation data for problem instances that are neither subject to
capacity constraints nor to TW constrains, i.e., problem instances in which
no additional detours to the sequence of stops followed along the route can
occur. This function is given by

k (n) =
1

p
2

+
1

1 + nbPD
11

, (3.27)

where the exponent bPD
11 = 1

3 determines how quickly the function ap-
proaches its asymptotic value 1p

2
. Inserting equation (3.27) into equation

(3.26) and replacing np and nd with the help of Equations (3.25a) and (3.25b)
�nally yields the lower limit as presented in Equation (3.6) in Section 3.3.2:
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3.6.3 Reasoning behind the Rede�nition of the Vehicle Capacity Scaling Constant
q

When designing our numerical experiments we chose to de�ne the vehicle
scaling constant q as presented in Equation (3.5) in order to be consistent
with the experimental design introduced by Bergmann et al. ( 2020). It
seemed plausible to de�ne q in a way that it speci�cally distinguishes
between delivery and pickup customers, since the two operations run in
opposite directions. A value of q = 1 then indicates that – in the absence of
time windows – all customers can just be served in a single tour. However,
during the analysis of our numerical experiment data, we realized that the
original de�nition of q bears two major shortcomings.

First, de�ning q according to Equation (3.5) can result in vehicle capac-
ities, Ck that vary considerably between two problem instances that are
characterized by the same q-value and the same total number of trans-
portation requests, n. For instance, let us consider two problem instances
with q = 1 and n = 100 customers each. Further, the �rst instance is
characterized by a balanced ratio between pickup and delivery customers
(i.e., np = nd = 50), while the second instance comprises np = 90 pickup
customers and nd = 10 delivery customers. When calculating the vehicle
capacity Ck through Equation (3.5), we see that that the �eet of vehicles is
much more constrained for the �rst instance ( Ck = 50) than for the second
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instance (Ck = 90). Therefore, q appears to be of limited use in determining
the impact of vehicle capacity on route ef�ciency. On the contrary, the way
our new parameter q̃ is de�ned ensures that two problem instances with
the same values of q̃ will always have the same vehicle capacity Ck when n
is constant.

Second, when calculating Ck from Equation (3.5) rounding errors might
occur which can be particularly severe for small values of q. Let us again
consider two problem instances. This time with q = 0.05 and n = 100
customers. The �rst instance comprises np = 30 pickup and nd = 70
delivery requests (i.e., a = 0.3), while the second instance has np = 31
pickup and nd = 69 delivery requests (i.e., a = 0.31). In the �rst case and
using Equation (3.5), we would calculate the vehicle capacity as Ck = 0.05�
max (30, 70) = 3.5. Since the vehicle capacity must always be an integer
value we would round to Ck = 4 in this case. Analogously, the vehicle
capacity for the second instance in our example is Ck = 0.05� max (31, 69) =
3.45, which would be rounded to Ck = 3. In Figure 3.11, we plot a subset of
our experimental data in order to highlight that seemingly small differences
in Ck, incurred by rounding, can lead to large distortions in the results. To
this end, note the jump in the boxplots at a = 0.3 and a = 0.7. The new
constant q̃ is not prone to the above type of rounding error because the
vehicle capacity Ck is always divided by n = 100, i.e., the total number of
customers in all our problem instances, to obtain the q̃-value. To this end,
note that different q̃-values are assigned to problem instances with different
vehicle capacities Ck in Figure 3.11.

Figure 3 .11: Boxplots of mean residual DRs, d̄res, against a for q = 0.05. Cor-
responding values for q̃ are: (i) q̃ = 0.05: light gray boxplots, (ii)
q̃ = 0.04: gray boxplots and (iii) q̃ = 0.03: dark gray boxplots
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3.6.4 Summary of OLS Regression Analysis and CV Results fork̃PDTW

Table 3 .5: Summary of our OLS regression analysis for the correction factor
k̃PDTW

R-squared 0.869 F-statistic nan
Adj. R-squared 0.869 Prob (F-statistic) nan
AIC -73,370 Log-Likelihood 36684
BIC -73,360

coef. std. err. t p [95% Conf. Int.]
hPDTW

1 0.95796 0.001 760.710 0.000 0.955 0.960

Skew 0.108 Durbin-Watson 1.804
Kurtosis 3.319 Omnibus 70.545
Jarque-Bera (JB) 84.759 Prob(Omnibus) 0.000
Prob (JB) 0.000 Cond. No. 1

Note: hPDTW
1 = (aTW � a2

TW)rTW+ bPDTW
11 rTW

c2
TW+ bPDTW

12 cTW rTW+ bPDTW
13

Table 3 .6: Summary of 5-fold CV results for the regression analysis for k̃PDTW

Fold bPDTW
1 R2

adj train R2
adj test

1 0.9578 0.869 0.871
2 0.9570 0.870 0.867
3 0.9580 0.869 0.869
4 0.9584 0.869 0.872
5 0.9583 0.870 0.868

Signi�cance levels of all coef�cients are p < 0.001
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3.6.5 Summary of OLS Regression Analysis and CV Results fork̃PDC

Table 3 .7: Summary of our OLS regression analysis for the correction factor k̃PDC

R-squared 0.942 F-statistic nan
Adj. R-squared 0.942 Prob (F-statistic) nan
AIC -542.2 Log-Likelihood 263.1
BIC -521.7

coef. std. err. t p [95% Conf. Int.]
hPDC

1 2.9295� 10� 3 6.8� 10� 5 43.390 0.000 2.7962� 10� 3 3.0628� 10� 3

Skew 0.390 Durbin-Watson 2.223
Kurtosis 5.580 Omnibus 12.158
Jarque-Bera (JB) 26.637 Prob(Omnibus) 0.002
Prob (JB) 0.000 Cond. No. 1

Note: hPDC
1 =

� p
a +

p
1 � a � 1

�
�

1

q̃bPDC
11

� 1
�

Table 3 .8: Summary of 5-fold CV results for the regression analysis for k̃PDC

Fold bPDC
1 R2

adj train R2
adj test

1 2.8808� 10� 3 0.948 0.894
2 2.8658� 10� 3 0.928 0.964
3 3.0155� 10� 3 0.940 0.938
4 2.8705� 10� 3 0.950 0.872
5 3.0243� 10� 3 0.940 0.934

Signi�cance levels of all coef�cients are p < 0.001

3.6.6 Summarizing the Effects on Local Route Ef�ciency –SHAP-Value Analysis
and Robustness Check ofkPDCTW

shap -value analysis To illustrate the impact on route ef�ciency that
each variable in our SR-based CA model has, we conduct a SHAP value
analysis. In Figure 3.12 we plot the SHAP value distributions for the six
variables that capture the (interaction) effects of TW and vehicle capacity
constraints in integrated pickup and delivery networks. In this SHAP
analysis, we focus on the effects that go beyond those of an increased
stop density in integrated pickup and delivery networks. Thus, Figure 3.12
re�ects the joint effect of all terms from Equation (3.23) on route ef�ciency
except for the analytically derived lower limit (�rst term in Equation (3.23)).
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Figure 3.12con�rms all the partial effects on route ef�ciency we discussed
above in the main body of this paper. We see that q̃ has the greatest effect
on the value of the dependent variable kPDCTW � kPD. Moreover, as we
see from the color gradient, capacity constraints initially have little effect
on route ef�ciency and then increasingly impede route integration as q̃
decreases. Second, as an increasing number of customers demandsTW
delivery, i.e., as rTW increases, route ef�ciency deteriorates. Third, as more
pickup and delivery customers with TWs request service in the sameTW,
i.e., ascTW increases, route integration is facilitated and route ef�ciency
increases. Fora and aTW , the characteristic inverse U-shaped effect we
discussed above are also re�ected in their SHAP values: For values of a
and aTW around 0.5, route ef�ciency losses become large, while for both,
large and small values of a and aTW , ef�ciency losses are marginal. Last, as
oTW increases above a value of0.5, i.e., pickup requests need to be served
on average before delivery requests, the order is critical for the integration
of pickup and delivery routes and route ef�ciency is reduced. As oTW falls
below 0.5, the order is not critical and route ef�ciency increases.

Figure 3 .12: SHAP value distributions for
kPDCTW � kPD

Table 3 .9: Sample means

q̃ 0.3111

rTW 0.6293

cTW 0.3312

aTW 0.5

oTW 0.4946

a 0.5002

kPDCTW � kPD -0.0213

accuracy and robustness check of the closed -form expres -
sion for kPDCTW The results from our OLS regression analysis for
k̃PDCTW can be found in Table 3.10. In this regression analysis, the expres-
sions for hPD

1 , hPDC
1 , hPDTW

1 , hPDCTW
1 , hPDCTW

2 and hPDCTW
3 from Equation

(3.23) serve as the six regressors. As measured byR2
adj our regression model

explains 91.4%of the variation in the dependent variable d̄ and, based on
the t- and F-statistics, all coef�cients are both individually and collectively
signi�cant at the 5% level.
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Table 3 .10: Summary of our OLS regression analysis for the proportionality factor
kPDCTW

R-squared 0.914 F-statistic 2.323� 105

Adj. R-squared 0.914 Prob (F-statistic) 0.00
AIC � 5.296� 105 Log-Likelihood 2.6481� 105

BIC � 5.295� 105

coef. std. err. t p [95% Conf. Int.]
hPD

1 0.99953 2.5510� 10� 4 4200.857 0.000 0.99903 1.00003
hPDC

1 2.8939� 10� 3 9.67� 10� 6 299.115 0.000 2.8749� 10� 3 2.9129� 10� 3

hPDTW
1 0.98741 1.7857� 10� 3 616.578 0.000 0.98391 0.99091

hPDCTW
1 -0.010095 5.53� 10� 5 -182.573 0.000 -0.010203 -0.009866

hPDCTW
2 3.8980� 10� 6 3.51� 10� 8 111.106 0.000 3.8292� 10� 6 3.9668� 10� 6

hPDCTW
3 2.3353� 10� 3 1.08� 10� 5 215.847 0.000 2.3141� 10� 3 2.3565� 10� 3

Skew 0.089 Durbin-Watson 1.466
Kurtosis 4.934 Omnibus 5034.214
Jarque-Bera (JB) 17,272.026 Prob(Omnibus) 0.000
Prob (JB) 0.000 Cond. No. 8.53� 104

Note: hPD
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It is importance to note that the six coef�cients estimated for the OLS
model deviate only marginally from the coef�cients presented above in
Equation (3.23). We can thus conclude that our approach of separately
determining closed-form expressions for k̃PDC, k̃PDTW and k̃PDCTW based on
the mean residual DR, d̄res, was successful in the sense that these expressions
capture the effects of vehicle capacity constraints, TW constraints, and
their interactions holistically and without overlap. Otherwise, the coef�cients
estimated separately in Sections3.4.1 through 3.4.4 using SRwould likely
have differed substantially from those estimated jointly using OLS (see,
Table 3.10).

Table 3 .11: Summary of 5-fold CV results for the regression analysis for kPDCTW

Fold bPD
1 bPDC

1 bPDTW
1 bPDCTW

1 bPDCTW
2 bPDCTW

3 R2
adj train R2

adj test

1 0.99938 2.8940� 10� 3 0.98737 � 0.010049 3.8857� 10� 6 2.3279� 10� 3 0.913 0.915
2 0.99956 2.8909� 10� 3 0.98754 � 0.010097 3.9123� 10� 6 2.3405� 10� 3 0.914 0.912
3 0.99936 2.8910� 10� 3 0.98826 � 0.010089 3.8636� 10� 6 2.3295� 10� 3 0.913 0.914
4 0.99958 2.8933� 10� 3 0.98708 � 0.010103 3.9236� 10� 6 2.3329� 10� 3 0.914 0.912
5 0.99976 2.8954� 10� 3 0.98682 � 0.010136 3.9048� 10� 6 2.3459� 10� 3 0.913 0.914

Signi�cance levels of all coef�cients are p < 0.001
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Further, we report the results from our CV in Table 3.11. Both the pa-
rameter estimates and the R2

adj-values deviate only minimally from the
parameter estimates which were estimated based on the entire data set.
This leads us to the conclusion that our proposed expression for k̃PDCTW is
not prone to changes in the underlying data and is capable of accurately
describing the experiment data.

Figure 3 .13: Boxplots of residuals d̄ � k̃PDCTW for (a) rTW , (b) cTW , (c) aTW , (d)
a0, (e) oTW and (f) q̃

Finally, in Figure 3.13, we show box plots of the mean residuals, d̄ �
kPDCTW. The median lines of the box plots �uctuate only marginally around
zero and there is no major pattern or trend observable in the residuals.
Moreover, more than 50%of the residuals lie within � 0.015. We can thus
also visually con�rm the excellent �t between the simulation data and our
closed-form expression for kPDCTW.
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abstract

The trend towards e-commerce has prompted many retailers to sell online.
However, smaller companies are oftentimes unaware that the offered last-
mile logistics services substantially in�uence their customers' purchasing
decisions. This research endeavor, consisting of four sub-studies, supports
retailers to systematize which logistics services are important to their cus-
tomers. First, we propose a hierarchical framework categorizing last-mile
logistics services along �ve dimensions and 22 second-order attributes. The
framework is based on a review of academic and practitioner-oriented stud-
ies, which collectively survey more than 153,000 customers and retailers.
Second, to establish an importance ranking among the attributes, we addi-
tionally interview 11 logistics/retail experts, and survey 200e-commerce
customers. Third, in an adaptive choice-based conjoint survey, we assess
the importance of six selected attributes on online purchasing decisions in
detail. Our �ndings suggest that the delivery fee is most important ( 29.2%
relative importance), followed by the delivery location ( 28.2%) and the
delivery lead time ( 15.11%). Last, we develop a choice simulator which
predicts the share of distinct logistics service options within a portfolio
of services. Our scenario analysis implies that customers' logistics service
preferences are heterogeneous and that a diversi�ed portfolio signi�cantly
reduces online shopping abandonment.

4.1 introduction and research gap

The delivery and return of products ordered online is becoming increas-
ingly important due to the unbroken boom in e-commerce. Especially, the
COVID- 19 pandemic and the associated lockdowns in 2020and 2021have
forced many traditional retailers to enter online retailing out of necessity.
These companies have already proven that they are successful retailers but
also being responsible for LM logistics to the �nal customer is new for
these retailers and challenges them. Retailers new to online retailing are
often unaware that the offered LM logistics services can have a signi�cant
in�uence on the purchasing decisions of their customers and offer great
potential to differentiate themselves from their competition (see, Boyer et al.,
2009; Castillo et al., 2021; Esper et al.,2003; Lim et al., 2018; S. H. Lu et al.,
2020).

Many practitioner-oriented sources, such as reports prepared by consult-
ing �rms, market research institutes and retail associations, �nd that LM
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logistics services are not only a cost factor but can be a differentiator in
e-commerce. Therefore, they advise online retailers to pay more attention
to the product delivery and return experience of their customers (see, e.g.,
DPDgroup, 2018; McKinsey&Company, 2016; MetaPack, 2018). Successful
online retailers are constantly trying to stand out from their competition
and advertise their LM logistics services to attract and retain customers
(see, e.g., Cao et al.,2003; Shehu et al.,2020; Vakulenko et al., 2019b). For
instance, some of them try to succeed in the market by even offering imme-
diate deliveries or �exible delivery locations (see, e.g., Marino et al., 2018;
McKinsey&Company, 2018; Schwerdfeger et al., 2020). Others try to give
themselves a green image by offering more sustainable delivery services
and still others try to retain their customers by offering a premium sub-
scription program with exclusive LM logistics services (see, e.g., Manerba
et al., 2018; Perboli et al., 2019).

These efforts can ultimately pay off because the LM logistics service
selection in an online shop is very likely to affect customer loyalty (see,
e.g., Heim et al., 2001; Vakulenko et al., 2019a; Wol�nbarger et al., 2003).
In a large market research study by MetaPack (2018), 61% of the surveyed
customers indicate that they are likely to buy from the same online retailer
again if they were satis�ed with the delivery experience. However, other
studies show that it is still a long way to customer satisfaction with re-
gards to LM logistics services: Many customers are dissatis�ed with the
experience especially during the delivery phase (Bain & Company, 2019).
Once customers are dissatis�ed with the delivery and return of their online
orders, there is a very high probability that they will turn to the compe-
tition as information search and switching costs are extremely low in the
e-commerce market (see, MetaPack,2018; S. Rao et al.,2011). For instance,
UPS (2019) �nds that 32% of customers would switch the online shop if
this resulted in a faster delivery. Ultimately, a long delivery lead time is a
reason for about 26% of shopping basket abandonments according to the
same study. Furthermore, a study by MetaPack (2018) reveals that “ 58%
[of the customers] chose one online provider over another because they
provided more delivery options” (p. 7). It therefore seems vital for online
retailers to offer a portfolio of LM logistics services that comprises services
which actually matter to their customers. Ultimately, this will help them
attract and retain customers in the long term and generate additional sales.

As we have just seen, it is of great importance for online retailers to offer
the right LM logistics services. However, before answering the question
"What are the right LM logistics services?", we need to take a step back and
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ask "What is a LM logistics service at all? What attributes does it encompass
and how can it be characterized?". This brings us to the �rst research gap we
would like to address with this study. In the practitioner-oriented literature,
we can �nd an abundance of studies dealing with LM logistics services.
However, these types of studies are far from providing structured guidance
to practitioners as to what services actually fall under the term LM logistics
service. For instance, in some studies, the term LM logistics serviceis used
synonymous with delivery lead time(e.g., express vs. standard delivery),
while others closely associate the term with delivery location(e.g., self pickup
vs. delivery to an address) (see, e.g., Capgemini Research Institute,2019;
PostNord, 2019).

In the academic literature, the situation is similar and there is no consis-
tent picture of what constitutes and encompasses a LM logistics service.
Even the few studies that focus on how logistics services in�uence purchas-
ing decisions in B2C e-commerce refrain from de�ning or characterizing the
term LM logistics service(see, Garver et al.,2012; D. H. Nguyen et al., 2019).
Rather, these studies only shed light on individual service attributes, such
as time window delivery, order trackingor delivery days. Overall, it remains
vague what constitutes and encompasses aLM logistics serviceand we are
lacking a concise characterization structure for these services.

The second research gap we would like to address with this study fol-
lows from the �rst: Once we are equipped with a concise characterization
structure of LM logistics services, the question arises as to which speci�c
services are most important for customers during the online purchasing
process. Once again, the rich practitioner-oriented literature on LM logistics
services is frayed and does not paint a holistic picture of which services
in�uence the online purchasing process most. Each study examines only a
small subset from the range of possible LM logistics services that are being
offered in the market. A great deal of effort is expended in these studies
and often a large number of customers and retailers are surveyed but it
remains a puzzle for practitioners and scholars alike to draw generalizable
conclusions from these studies.

Very much the opposite is the case for the academic literature which is
scarce when it comes to investigating into the question which speci�c LM
logistics services play a role in the purchasing decision of online customers.
The academicLM logistics literature mainly focuses on optimizing parcel
delivery processes, vehicle routes and entire distribution networks to reduce
cost, time, effort or emissions (see, e.g., Bergmann et al.,2020; Manerba
et al., 2018; Nagy et al., 2007; Perboli et al., 2019). If we approach this
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question from the marketing literature, we notice that there is a number
of related studies in the �eld of e-service quality. However, these studies
mainly focus on aspects like website design, customer service quality, or
privacy concerns (see, e.g., Blut,2016; Holloway et al., 2008; S. Rao et al.,
2011). Some studies even �nd that order ful�lment, including the timeliness
of delivery, order accuracy, and delivery condition, is an important aspects
of e-service quality, but they do not investigate other central facets such as
the delivery location, time windows or delivery lead time (see, Blut, 2016;
S. Rao et al.,2011). Overall, we �nd that research at the interface between
logistics on the one hand and marketing/e-service quality on the other
hand remains scarce.

4.2 study structure and objective

In response to the two research gaps presented above, we designed four
studies that build upon each other. In Table 4.1, we give a brief overview
of these four studies along with descriptions of the methods we apply in
each study, the data we rely on and the outcome that helps us answering
our research questions. In Study 1, we address the �rst research gap and,
thus, we aim to shed light on the various characteristics and attributes
that collectively de�ne a LM logistics service. As we can see from Table
4.1 we propose a hierarchical categorization framework for B2C LM lo-
gistics services. This framework comprises 5 �rst order dimensions and
22 subordinate attributes, which, in turn, comprise several attribute lev-
els. Overall, this framework provides a holistic overview of common LM
logistics services currently offered in the e-commerce market. In a �rst
step, we create a longlist of relevant LM logistics services. To this end, we
review pertinent practitioner-oriented studies as well as the extant academic
literature. Moreover, we interview 11 experts from the logistics and retail
industry. Subsequently, we establish the categorization framework, i.e., we
make a selection of relevant services, de�ne the dimensions and assign the
individual attributes to them. During this process, the experts are actively
involved and we regularly seek their assessment.

We address the second research gap with the help of Study 2 through
Study 4. In these studies, we determine the importance of LM logistics
services for the purchasing decisions of e-commerce customers. Speci�cally,
in Study 2, we establish an importance ranking of the 22 attributes from
our categorization framework. We �rst conduct a meta-analysis of a subset
of the literature reviewed in Study 1. We then assign importance scores to
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each attribute examined in a particular study and, subsequently, aggregate
the scores from all studies to obtain an overall score. Next, we compare the
attribute importance score from the literature with the importance ratings
we obtain from two additional primary sources comprising the 11 expert
interviews and a sample of 200e-commerce customers. Finally, we establish
a weighted importance score for LM logistics services which incorporates
the importance ratings from our three data sources. In Study 3, we examine
a subset of six important attributes from our ranking to quantify their
in�uence on e-commerce customers' purchasing behavior in more detail.
To this end, we conduct ACBC analysis for which we collected survey data
from 200online customers in the USA. Ultimately, the ACBC results allow
us to paint a very detailed picture of the LM logistics service preferences
of e-commerce customers, broken down by various socioeconomic and
demographic parameters. As part of Study 4, we develop a choice simulator
that can predict the share that a particular logistics service will make up in a
portfolio of LM logistics services. This simulator, which we make available
for download, draws upon our ACBC data from Study 3 and can help
retailers gain a better understanding of which services they might want
to offer their customers to increase customer satisfaction and conversion
rate. For scholars, the simulator is of interest when conducting benchmark
or comparison analyses as part of future studies in this �eld. Finally, we
conduct two types of analysis with our choice simulator: (i) a sensitivity
analysis and (ii) a scenario analysis. In the sensitivity analysis, we quantify
how much the overall preference of a particular LM logistics services can
be improved (or made worse) by changing its attribute levels one at a time,
while holding all other attributes constant at prede�ned base case levels.
In the scenario analysis, we directly compare the preference of customers
for a number of competing LM logistics services in a portfolio of different
services.

The primary objective of this research endeavor is to help practitioners
understand the in�uence of B2C LM logistics services on customers' pur-
chasing decisions and, hence, which speci�c logistics service portfolios
should be offered in order to minimize shopping basket abandonment and
increase customer loyalty. In order to increase the practical applicability
of our research, we have developed a choice simulation tool that allows
the user to assess various scenarios by de�ning a portfolio of LM logistics
services and predicting the share that a particular service will make up in
this portfolio. Moreover, we help scholars gain a better understanding of
what attributes a LM logistics service encompasses and how the various
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Figure 4 .1: Visualization of study structure

service attributes can be logically categorized with help of our framework.
The results from our conjoint and scenario analyses are useful for scholars
when it comes formulating new research questions and selecting logistics
service attributes that are particularly important for e-commerce customers
and that therefore deserve greater attention also in the academic discourse.
Thus, in this research endeavor, we combine multiple empirical approaches
in an innovative way in order to inform management and educate practi-
tioners rather than to advance theory. In doing so, we respond to the recent
call for more practice-based and empirical research in the �eld of operations
and supply chain management (see, M. Fisher et al., 2020; Gallien et al.,
2016; Roth et al., 2020).

The remainder of this paper is structured as follows. In Sections 4.3
through 4.6, we present our four studies. These sections always comprise
two major subsections, in which we �rst describe in detail the methods
which we deem appropriate to address the two research gaps before we
turn to the presentation and discussion of our results. In Section 4.7, we
summarize our �ndings in light of our research objective before we discuss
a number of limitations of our four studies that provide great opportunities
for future research.
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4.3 hierarchical categorization framework for last -mile
logistics services in b2c e -commerce (study 1 )

In this study, we develop a hierarchical categorization framework for B2C
LM logistics services which provides a holistic overview of the dimensions
and subordinate attributes that can be used to characterize almost any
LM logistics service currently offered in the market. To this end, we �rst
introduce the basic concept behind the hierarchical framework in Section
4.3.1.1 before we describe in detail the literature review and expert inter-
view approaches which together form the data base for our framework (see,
Sections4.3.1.2 and 4.3.1.3). Finally, in Section 4.3.2, we present our hierar-
chical categorization framework along with an analysis of its robustness
and we go into more detail about each dimension and attribute within this
framework.

4.3.1 Methods

4.3.1.1 Hierarchical Categorization Framework

Hierarchical models are often used to conceptualize and measure latent
concepts. A related and prominent example is the conceptualization of
e-service quality (see, Blut, 2016; Fassnacht et al.,2006). The theoretical
basis for these types of hierarchical models is means-ends-chain theory
(Gardial et al., 1994), which proposes that customers retain product/service
information in memory at multiple levels of abstraction (Parasuraman et
al., 2005). The theory assumes that customers evaluate their experiences
(for instance with an online store) in terms of very speci�c and concrete
occurrences (i.e., at the attribute level), which may then be synthesized
and related to more abstract, higher-order dimensions (M. D. Johnson,
1984). According to means-ends-chain theory, it is essential for the holistic
understanding of the concept under investigation (e.g., e-service quality) to
encompass (i) the different attributes included in the conceptualization of
the construct, (ii) the number of higher-order dimensions that are related to
the attributes, and (iii) the type of relationship between the attributes and
dimensions, which can be either re�ective (direction of the relationship is
from dimension to attribute) or formative (direction of relationship is from
attributes to dimensions). Means-ends-chain theory suggests a formative
relationship between attributes and dimensions, as the customers assess
the attributes �rst before they form their more abstract judgments about
the different dimensions (Blut, 2016).
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In this study, we take up the basic concept of the hierarchical conceptual-
ization model and means-ends-chain theory outlined above and propose a
hierarchical categorizationmodel for LM logistics services. At the top level
of our model stands a more concrete object (i.e., aLM logistics service)
rather than a latent construct (like e-service quality). Moreover, the objec-
tive of our model is not to propose a way to conceptualize and measure
this latent construct but to provide a holistic overview of the object under
investigation and its de�ning characteristics. For instance, the customer
of an online store might be able to choose if she wants to have her parcel
delivered on the next dayor within 2-5 business days. These two options
would then constitute two possible levels of an attribute called delivery lead
time. This attribute could then, along with other related attributes (such as
delivery time window), be related to a higher order dimension entitled timing
and place. Each dimension is �nally associated with the overall higher-order
summary object, i.e., LM logistics service. In our categorization model, we
assume a re�ective relationship between the individual attribute levels and
the �rst order attributes. This is because a customer is confronted with
and can choose between various attribute/service levels, which re�ect the
choice of the e-retailer to offer these particular service levels (from the poten-
tially inde�nitely large number of attribute levels). Moreover, we propose
a formative relationship between the attributes and dimensions and also
between the dimensions and the overall summary object because closely
related attributes collectively form a more abstract dimension, which is not
de�ned a priori. Accordingly, we �rst compile a longlist of all relevant types
of logistics services (attributes) offered in the market through a review of
the existing literature and our expert interviews, and only thenwe derive
suitable dimensions to which we �nally assign the attributes. Since this
assignment of attributes to dimensions is based on qualitative criteria and
is inherently subjective, we take various measures to ensure that the model
structure is robust and not subject to bias (see, Section4.3.2.4).

4.3.1.2 Review of the Extant Literature

From the �rst research gap (see, Section4.1) follows the research question
"How can a LM logistics service be characterized and what attributes
does it encompass?". In response to this research question we propose a
categorization framework. An important data source for this framework is
the extant literature which we review to identify both practitioner-oriented
and academic studies that deal with LM logistics service attributes in depth.
The objective of this literature review is, thus, to establish a long-list that
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provides a holistic picture of LM logistics service attributes currently offered
by e-commerce retailers. To conduct the review, we largely follow the �ve-
step approach proposed by Denyer et al. (2009): (1) formulate one or more
research questions; (2) locate studies; (3) select and evaluate studies; (4)
analyze and synthesize studies; (5) report and use the results.

In order to locate relevant studies we speci�cally differentiate between
practitioner-oriented studies, such as reports prepared by consulting �rms,
market research institutes and retail associations, and scholarly studies
that are published in academic journals and have undergone a peer-review
process. To answer our research question, we deem practitioner-oriented
studies to be a very important source of information. Since the topic of last-
mile logistics is highly relevant to practitioners, these sources go to great
lengths to produce informative and appealing reports for their audiences.
However, unlike academic resources, these reports are typically not listed
the pertinent citation databases. We therefore relied on commercial search
engines (Google, Bing) to locate relevant practitioner-oriented reports using
a combination of keywords from the following three word sets: ( 1) delivery,
last-mile, �rst-mile, logistics, service; ( 2) preference, choice, option, alter-
native, selection, favorites; (3) report, study, review, investigation, survey,
barometer, benchmark. To create combined search strings, we linked terms
from within a word set through the Boolean operator OR. Additionally, we
concatenated terms from the three sets using the Boolean operator AND.
This could, for instance, lead to the search string "(delivery OR last-mile)
AND (preference OR choice) AND (report OR survey)", which would then
be able to discover a report entitled "delivery preference survey". In addi-
tion, we conducted the same search using the German language equivalents
of the above search terms to also capture studies published in the DACH-
region (the largest e-commerce market within Europe according to Statista
(2021)). Furthermore, we used snowballing to detect studies that escaped
our keyword search approach. We ensure that our literature review re�ects
the latest developments in LM logistics services by considering only studies
published between 2015and July 2021. Moreover, we only consider those
studies that examine at least one LM logistics service attribute in depth
(e.g., delivery lead time or delivery location). In other words, we exclude
studies from our analysis that only present general facts and �gures related
to LM logistics services (e.g., market size and growth rate, market share of
various LSPs, etc.) or focus on other aspects of the e-commerce ful�lment
process (e.g., available payment options, convenience of the website).
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With respect to the academic literature, we followed a slightly different
approach to locate relevant studies. Here, we relied on the well-established
citation databases Web of Science and Scopus and used Google Scholar
to assess studies found during the snowballing process. In this search, we
could do without the search terms from the third word set de�ned above
because there is no need to specify the study type when using a citation
database. Moreover, since all pertinent academic studies are published in
English, we refrained from a literature search in German. Finally, we did
not place any restrictions on the time of publication of the studies in our
search.

4.3.1.3 Expert Interviews

In addition to the literature review, we conducted 11 expert interviews to
detect further LM logistics service attributes for our hierarchical model
and to seek feedback regarding the model structure and the formation of
dimensions from the attributes. All interviews took place between March
and April 2020and were conducted via Zoom video conferencing software.
The average interview duration was about 40 minutes. We found some of
the interview partners through our personal networks and contacted others
through LinkedIn. The interview partners were located in the US, Germany,
Spain, the Netherlands and Switzerland. Five of our interview partners
work for online retailers or at online marketplaces (RT) and another four
interviewees are employed at logistics serivce providers (LSP). Further,
our sample includes two general industry experts (EX), who have vast
experience in the �eld of e-commerce and LM logistics. In Table 4.1, we
provide an overview of our sample of interviewees.

In the interviews, we always followed the same general structure. First,
we asked the interviewees what LM logistics service attributes they were
aware of. Only then did we show them the longlist of service attributes
that we had drawn up on the basis of our literature research and asked
whether they could now think of any other service attributes that they
had not yet mentioned. In this way, we were able to complete and further
re�ne the longlist and eventually reach saturation. Next, we showed them
our preliminary hierarchical framework and discussed how to assign each
attribute to the dimensions. Here, we used the dimensions and structure
we had de�ned ourselves. However, it could happen that we adjusted the
name of a dimension based on the discussion or even added an entirely
new dimension to the framework. In the �nal part of the interviews, we
asked the interviewees to rate all logistics service attributes in terms of their
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Table 4 .1: Overview of interview partners

Code Category/Industry Location of
Interviewee

Interview
Duration [min]

Area of
Operation/Activity

RT1 Electronics Germany 38 Europe

RT2 Online Marketplace Netherlands 36 International

RT3 Online Marketplace Germany 28 Germany

RT4 DIY & Garden Switzerland 30 Switzerland

RT5 Online Marketplace Germany 53 International

LSP1 LSP Start-Up Switzerland 40 Switzerland

LSP2 LSP Start-Up Spain 41 Europe

LSP3 National LSP Switzerland 43 Switzerland

LSP4 International LSP Germany 28 International

EX1 Logistics Expert Switzerland 50 -

EX2 Online Retail & Logistics Expert United States 45 -

importance for the purchasing decisions of online customers on a 5-point
Likert scale. We go into detail about this importance ranking in Study 2 in
Section 4.4.

4.3.2 Results

4.3.2.1 Hierarchical Categorization Framework

Based on our review of the extant practitioner-oriented and academic
literature and the insights we gained from the 11 expert interviews we
propose a hierarchical categorization model of LM B2C logistics services,
which is presented in Figure 4.2. This third-order model links concrete
service levels to 22 service distinct attributes and 5 dimensions.

The �rst dimension in our categorization framework is Timing and Place.
This dimension has received most attention in the practitioner-oriented and
academic literature and also the interviewed experts agreed that delivering
to the right place and at the right time is fundamental for customer satisfac-
tion. The dimension is formed by six distinct attributes which we brie�y
explain in the following. The delivery location speci�es the place to which
a parcel will be delivered. Possible attribute levels that the customers could
choose include an (attended or unattended) address delivery, the delivery
to a parcel locker and the delivery to a brick-and-mortar retail store or a
third-party facility (e.g., a gas station) with a subsequent pickup by the
customer. The delivery lead time refers to the time between the point of
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Figure 4 .2: Hierarchical categorization framework for B2C LM logistics services

(online) sale and the delivery of the parcel to the customer. Sometimes this
attribute is also referred to as delivery speed. The delivery time window
speci�es a distinct time period during the day when the parcel will be
delivered, so that the customer can ensure to be at home at that time to
receive the parcel. The delivery time guarantee refers to the online retailer's
promise that the parcel will actually arrive on time. A consequence of not
keeping this promise could be, for example, an automatic refund of the
delivery fee or a voucher for future purchases. The modi�cation of date
and place attribute allows the customer to �exibly change and adjust the
delivery date, time window and place after the purchase has been made.
The delivery days attribute speci�es the days of the week on which delivery
is offered (e.g., weekdays or even Sundays and public holidays) and allows
the customer to explicitly exclude certain delivery days.

The second dimension is Trust and Security. The pertinent literature and
also the interviewed experts suggest that con�dence- and trust-building
measures are very important to ensure high customer satisfaction (see, e.g.,
Bain & Company, 2019; Sharma,2016). The six service attributes forming
this dimension can help to reassure customers that their parcel will arrive on
time and in good condition, and, thus, these attributes contribute to a better
delivery experience. Order tracking refers to the possibility and the method
of tracking the order during the delivery lead time. Delivery rating/review
refers to the evaluation of the delivery experience by previous customers.
The selection of LSP attribute speci�es whether or not it is possible to
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choose theLSP who will take care of the delivery. This is important since
many customers seem to have a preferred LSP whom they trust most.
Doorstep experience refers to the communication and relationship between
the customer and the parcel delivery staff, which depends largely on the
demeanor, friendliness, language skills, and competence of the latter, as
well as on how much time is available to deliver the package. This attribute
is closely connected to the selection ofLSP attribute since many customers
choose a certainLSP because they have made good experiences with the
delivery staff or have even developed a trustful relationship with them over
time. Moreover, one could argue that so-called after doorstep services (e.g.,
installation and disposal of a washing machine, assembly of furniture or
set-up of a smartphone/TV) could be related to this attribute. Note that we
discuss after doorstep services in more detail in Section 4.3.2.3. Delivery
insurance refers to the assurance that the product will arrive intact and
without damage. Here, service attribute levels could include a personal
customer support via phone or chat, or that a new product is delivered on
the next day free of charge if the originally ordered product is damaged
or lost on its way. Delivery noti�cation refers to a message being sent to
the customer just before or during the delivery attempt that noti�es the
customer about the arrival of the parcel. In case of a failed delivery attempt
this message might include additional information like the contact details
of a neighbor who accepted the parcel, the position of a locker to which the
parcel was rerouted or when a new delivery attempt will be made.

The third dimension in our framework is Sustainabilityand is formed by
four distinct attributes. Sustainability aspects have recently received more
attention from practitioners and scholars alike and also the interviewees
are convinced that sustainability attributes will play a key role in the
future. The packaging attribute refers to the reusability and recycleability
of the packaging material, and also the (excess) size of the packaging. The
product could, for instance, either be delivered in a recyclable cardboard box
with compostable buffer material, in a reusable container, or even without
additional packaging material. Shipment consolidation speci�es whether
multiple items of a single order are shipped to the customer in a single
parcel or whether they are shipped in individual packages which requires
multiple delivery attempts. The LM transportation mode refers to the type
of transport vehicle that is used to overcome the last mile (e.g., combustion
or electric van, (e)-bike, etc.). Finally, offsetting delivery emissions refers
to the percentage of CO2 emissions emitted during the delivery process
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that are compensated for, for example, by �nancing reforestation projects
or carbon capture and storage.

The fourth dimension is Return and comprises three attributes. Research
shows that the return policy is a key factor for customers in deciding
whether to buy from an online store (see, e.g., Janakiraman et al., 2016;
Petersen et al.,2009; Wallenburg et al., 2021). Similarly, the interviewed
experts are convinced that the return policy has important implications for
customer satisfaction and repurchase intention, and is an important cost
factor of LM logistics. The return location refers to the place where the
parcel can be returned by the customer or is picked up by a LSP(e.g., return
at store/locker, home pickup). As the name indicates a try-before-you-buy
program is a service that allows customers to order, try, and return various
products (especially apparel) without having to pay for them at the point
of sale. Last, the return fee refers to the additional fee that customers have
to pay when they decide to return the shipment. In addition to the return
dimension, we assigned the return fee attribute also to our last dimension,
i.e., pricing.

The �nal dimension in our framework is Pricing and is considered to
be a very important dimension for online customers (see, e.g., Tokar et al.,
2020). The delivery fee speci�es the amount of money that customers are
charged for the delivery. A premium subscription service is a program in
which members who pay a (monthly) subscription fee enjoy preferential
services such as unlimited next-day deliveries or "free" returns of products.
A minimum order value speci�es a threshold below which customers are
charged additional delivery fees or cannot place an order at all. If the order
value exceeds the threshold, shipping is often offered free of charge.

4.3.2.2 Review of the Extant Literature

The review of the pertinent literature is an important source of informa-
tion for the hierarchical framework which we have just presented. In our
literature search, we were able to identify a total of 25 practitioner-oriented
studies and 27 academic studies that we consider relevant. In Tables 4.2 and
4.3, we present an overview of these studies and indicate for each study
which of the 22 service attributes it covers.

It is noticeable that practice-oriented studies are often designed in a way
that they cover several service attributes at the same time. After reviewing
just a few studies, the same attributes began to recur, so we reached satura-
tion relatively quickly. On the contrary, the academic studies tend to focus
on a single service attribute and therefore delve into the subject matter
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much deeper. Overall, we are con�dent that the 52 studies collectively
provide a very good overview of LM logistics services currently available
in the e-commerce market.

Table 4 .2: Overview of the reviewed practitioner-oriented literature on LM logis-
tics services

Timing and Place Trust and Security Sustainability Return Pricing

D
el

iv
er

y
Lo

ca
tio

n

D
el

iv
er

y
Le

ad
Ti

m
e

D
el

iv
er

y
Ti

m
e

W
in

do
w

D
el

iv
er

y
Ti

m
e

G
ua

ra
nt

ee

M
od

i�c
at

io
n

of
D

at
e

an
d

P
la

ce

D
el

iv
er

y
D

ay
s

O
rd

er
Tr

ac
ki

ng

D
el

iv
er

y
R

at
in

g/
R

ev
ie

w

S
el

ec
tio

n
of

LS
P

D
oo

rs
te

p
E

xp
er

ie
nc

e

D
el

iv
er

y
In

su
ra

nc
e

D
el

iv
er

y
N

ot
i�c

at
io

n

P
ac

ka
gi

ng

S
hi

pm
en

tC
on

so
lid

at
io

n

La
st

-M
ile

Tr
an

sp
or

ta
tio

n
M

od
e

O
ffs

et
tin

g
D

el
iv

er
y

E
m

is
si

on
s

R
et

ur
n

Lo
ca

tio
n

Tr
y-

be
fo

re
-

yo
u-

bu
y

R
et

ur
n

F
ee

D
el

iv
er

y
F

ee

P
re

m
iu

m
S

ub
sc

rip
tio

n

M
in

im
um

O
rd

er
Va

lu
e

Practitioner-oriented Literature

Accenture (2015) X X – – – – – X – – – – – – – – X – – X – –

Capgemini Research Institute (2019) X X X X – – – – – – – – X – – – X – – X X X

CommerceHub (2020) X – X – – – – – – – – – – – – – – – – – X –

Deloitte (2019) X X – – – – X X – – – – – – – – – – X X – –

Deutsche Post DHL Group (2020) – – – – – – – – – – – X – – – – – – – – – –

DPDgroup ( 2018) – – X – – – – – X – – – – – – – – – – X X –

EHI Retail Institute ( 2019a) X – – – – – – – – – – – – – – – – – – – – –

EHI Retail Institute ( 2019b) X X X – X X X X X X X – X – – – X – X X – X

GS1 Germany GmbH ( 2019) X – X X – – X – X X – – – X – – – – – X – –

Händlerbund ( 2018) – – – – – – – – X – – – X – – – – – – – – –

Magento (2017) X X – X – – – – X – – – – – – – – – – – – –

McKinsey&Company ( 2016) X X X – – – – – – X – – – – X – – – – X – –

MetaPack (2018) X X – – X X X – X – X – – X X X X X X X X X

MetaPack (2021) X X – – X X X – – – – – X – – X – – X X – –

MindTake ( 2018) X X X – – – – – – – – – – – – – X – X X X –

MindTake ( 2020) X X X – – – – – – – – – – – – – X – X X X –

National Retail Federation ( 2020) X – – – – – – – – – – – – – – – – – – – X –

Post CH Ltd ( 2020) X X X – X – X – – – – X X X X X – – X X – –

PostNord (2019) X – – – – – – – – – – – X – – X – – – X – –

PostNord (2020) X X X – – – – – – – – – – – – X – – – X – –

Pricewaterhouse Coopers GmbH (2018) X X X – – – X – X – X – X X X X X – X X – –

Rakuten Intelligence (2019) X X – – – – – – – – – – – – – – – – – – – –

United States Postal Services (2020) X X X – – – – – – – – – – – – – – – – X – –

UPS (2019) X X – X – – X X – – – – – X – – – X – X – –

World Economic Forum ( 2020) – – – – – – – – – – – – – – X – – – – – – –

4.3.2.3 Expert Interviews

The interviewed experts largely con�rmed the relevance of attributes on
our longlist, which we compiled based on our literature review. After
intensive discussions with the experts, we decided to additionally include
the attributes "delivery days" and "doorstep experience" in our hierarchical
model. Especially, LSP2 and RT1 were convinced that these two service
attributes will have a signi�cant in�uence on the purchasing decision of
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online customers. For instance, LSP2 said that "[the delivery staff is] the
face of the retailer in front of the customer" and therefore professional
drivers and the demeanor of the delivery staff is crucial. Further, RT 1 is
convinced that the delivery staff of the LSP is perceived as a representative
of the online retailer and if the customer is not satis�ed with the product
or service, the customer complains to the delivery staff, even though they
usually bear no responsibility and can do nothing.

Table 4 .3: Overview of the reviewed academic literature on LM logistics services

Timing and Place Trust and Security Sustainability Return Pricing
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Academic Literature

Asdemir et al. ( 2009) – – – – – – – – – – – – – – – – – – – X – –

Bode et al. (2011) – – – – – – – – – X – – – – – – – – – – – –

Boyer et al. (2005) – – – – – X – – – – – – – – – – – – – – – –

Boyer et al. (2009) – – X – – – – – – – – – – – – – – – – – – –

Browne et al. (2011) – – – – – – – – – – – – – X – – – – – – – –

Cao et al. (2003) – – – – – – X – – – – – – – – – – – – – – –

J. Chen et al. (2016) – – – – – – – X – – – – – – – – – – – – – –

Choy et al. (2013) – – – – – – – – – – X – – – – – – – – – – –

Cleophas et al. (2014) – – – – – – – – – – – – – – – – – – – – – X

A. Davies et al. (2019) X – – – – – – – – – – – – – – – – – – – – –

Esper et al. (2003) – – – – – – – – X – – – – – – – – – – – – –

Garver et al. (2012) – X – X – – X – X – X – – – – – – – – X – –

Gummesson (1987) – – – – – – – – – X – – – – – – – – – – – –

Holloway et al. ( 2008) – – – X – – X – – – – – – – – – – – – – – –

Y. Huang et al. (2006) X – – – – – – – – – – – – – – – – – – X – –

T. Kim et al. (2009) – – – – – – – – – – – – – X – – – – – – – –

Klein et al. (2019) – – – – – – – – – – – – – – – – – – – X – –

Lewis (2006) – – – – – – – – – – – – – – – – – – – X – X

Y. Li et al. (2019) – – – – – – – – – – – – – – – – – X – – – –

McKinnon et al. ( 2003) X – – – – – – – – – – – – – – – – – – – – –

Morganti, Seidel, et al. (2014) – – – – – – – – – – X – – – – – – – – – – –

D. H. Nguyen et al. ( 2019) – X X – – X – – – – – – – – – – – – – X – –

Perboli et al. (2019) – – – – – – – – – – – – – – X X – – – – – –

Shehu et al. (2020) – – – – – – – – – – – – – – – – – – – X – –

Tadei et al. (2016) – – – – – – – – – – X – – – – – – – – – – –

Vakulenko et al. (2018) X – – – – – – – – – – – – – – – – – – – – –

van Duin et al. ( 2016) – – X – – – – – – – – – – – – – – – – – – –
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In addition to the attributes which have made it to the hierarchical
framework, we had a chance to discuss further attributes with our interview
partners. For example, one online retailer proposed an attribute called
shop certi�cation. Other experts pointed out that it is very important for
customers that the online store offers a variety of payment options and
that it is possible to order something without having to create a customer
pro�le. Ultimately, we did not include these attributes in our model because,
while they undeniably play a weighty role in online customers' purchasing
decisions, the direct link to logistics was missing. The decision to include
an attribute called "after doorstep services" in the model or not was more
dif�cult. This attribute was proposed by RT 3 and will become increasingly
important as leading online retailers and major online marketplaces are
currently launching this service or plan to do so in the near future. We
ultimately decided against including these value-added services in our
model because they often go beyond the actual core activities of a LSP and
require new skills (see, Mathauer et al., 2019).

4.3.2.4 Robustness of the Hierarchical Categorization Framework

We have taken two measures to validate the structure of our proposed
hierarchical framework and to make sure that it is robust and not subject
to bias. On the one hand, we actively involved our interview partners to
review and verify the �nal model structure. After we had �nalized the
framework structure, we contacted the interviewees again to discuss the
proposed model structure with them, i.e., the assignment of attributes to
dimensions. Eventually, we could resolve all discrepancies, the opinions
converged and we achieved agreement about the model structure. On the
other hand, we asked �ve raters from our personal network to assign each
of the identi�ed attributes to the dimensions and then calculated the k-like
statistic proposed by M. Davies et al. (1982), which builds on the seminal
works of Cohen ( 1960, 1968) and Fleiss (1971). We received a value of 0.74
across the assignments by the �ve raters, which is considered substantial
agreement by Landis et al. (1977). We can therefore conclude that our model
structure is valid.

While our hierarchical categorization model provides a holistic overview
of the various facets of LM logistics services, it does not allow us to draw
conclusions about the in�uence of individual service attributes on online
customers' purchasing decisions. In other words, as one interview partner
said "these [service attributes] are probably not all equally important for
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the customers". Thus, in Study 2, we establish an importance ranking of the
22 attributes from our categorization framework.

4.4 importance ranking of last -mile logistics service at -
tributes (study 2 )

From the second research gap (see, Section4.1) follows the research question
"Which speci�c LM logistics service attributes have the greatest in�uence
on the purchasing decisions of online customers?". To address this question,
we now rank the 22 attributes from the 5 dimensions of our hierarchical
categorization framework. This ranking is particularly important for practi-
tioners (e.g., online retailers) who are faced with the task of optimizing the
LM logistics service portfolio so that it meets customer requirements in the
best possible way. In addition, scholars are invited to use this ranking as a
basis for selecting individual attributes that they wish to examine in more
detail in future studies. To establish our overall importance ranking, we
rely on three data sources: i) importance scores from a meta-analysis of the
literature reviewed in Study 1, ii) importance scores from the 11 experts we
interviewed for Study 1, and iii) importance ratings from 200e-commerce
customers we surveyed. From the individual scores of these three data
sources we then calculate an overall importance score for eachLM logistics
attribute. In Section 4.5.1, we provide an overview of the methods and
data sources we rely on to establish the importance ranking and in Section
4.5.2 we present the overall importance ranking of the 22 logistics service
attributes.

4.4.1 Methods

importance scores from meta -analysis of reviewed litera -
ture The �rst data source we rely on to establish our overall importance
ranking is the literature we reviewed in Study 1. Of the 52 studies, we retain
those empirical studies in which either e-commerce customers or online
retailers were surveyed. Moreover, we only consider studies published after
2014to ensure the timeliness and relevance of the data. This results in a
data set comprising 21 practitioner-oriented studies and one scholarly study.
Collectively, these studies survey more than 150,000e-commerce customers
and 3,700 retailers. For a detailed overview of these studies, we refer the
reader to Table 4.4.
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Table 4 .4: Overview of studies surveying e-commerce customers or retailers
regarding the importance of LM logistics services

Survey
Period

Customer
Sample Size

Nationality of
Customer

Retailer
Sample Size

Nationality of
Retailer

Practitioner-oriented Literature

Accenture (2015) Nov 2015 10,096 DE, ES, FR, IT, SE, UK,
CA, US, BR, MX, ZA, CN, JP

162 10 countries

Capgemini Research Institute (2019) Oct – Nov 2018 2,874 FR, DE, NL, UK, US 500 FR, DE, ES, IT, NL,
SE, UK, US, IN

CommerceHub (2020) Apr 2020 1,500 US – –

Deloitte (2019) Sep2019 4,410 US – –

DPDgroup ( 2018) May – Jul 2018 24,328
AT, BE, CH, CZ, DE, EE, ES,

FR, HU, HR, IE, IT, LV, LT,
NL, PL, PT, RO, RU, SI, SK, UK

– –

EHI Retail Institute ( 2019b) Nov 2018– Jan2019 – – 95 DE, AT, CH

GS1 Germany GmbH ( 2019) Oct – Dec 2018 318 DE – –

Händlerbund ( 2018) Oct 2018 – – 513 DE

Magento (2017) Nov 2017 2,020 DE, UK, US 304 DE, UK, US

McKinsey&Company ( 2016) May 2016 4,700 DE, US, CN – –

MetaPack (2018) Jul 2018 3,597 FR, DE, ES, NL, UK, US, CA – –

MetaPack (2021) End of 2020 10,000 FR, DE, NL, UK, US – –

MindTake ( 2018) Sep – Nov 2018 1,000 CH 25 CH

MindTake ( 2020) Dec 2019– Jan2020 1,000 CH 29 CH

National Retail Federation ( 2020) Oct 2019 2,949 US – –

Post CH Ltd ( 2020) Mar – Jul 2020 13,000 CH 227 CH

PostNord (2019) Jan – Jun2019 32,970 SE, DK, NO, FI – –

PostNord (2020) 2020 12,800 BE, DE, DK, ES, FI, FR,
IT, NL, NO, PL, SE, UK

– –

Pricewaterhouse Coopers GmbH (2018) Nov 2017– Jan2018 1,000 DE – –

United States Postal Services (2020) Jul – Sep2018 2,572 US 969 US

UPS (2019) Dec 2018– Jan2019 18,000 15 countries 897 14 countries

Academic Literature

Nguyen et al. (2019) Oct 2014 1,012 NL – –

Grand total 153,378 3,721

We then use these studies to conduct a meta-analysis to evaluate the
importance of each LM logistics service attribute. To this end, each author
of this paper rated each examined attribute in each study and assigned an
importance value to it on a 5-point Likert scale with anchors "extremely
important" and "not at all important." The respective ratings are based on
both quantitative criteria such as statistics and numbers directly reported
in the studies (e.g., "For 56% of customers, delivery location is the most
important factor when shopping online.") and more qualitative criteria
such as verbal descriptions of importance (e.g., "Our data suggests that
delivery location is much more important than order tracking.") or more
hidden cues from which we could infer the importance of an attribute (e.g.,
"Many customers are concerned about the high CO2 emissions caused by
the delivery process."). We then discussed our individual ratings together
and �nally agreed on a joint score. This approach ensures a robust ranking
that is as objective as possible.
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importance scores from 11 expert interviews The second data
source for our overall attribute importance ranking are the scores we ob-
tained from the expert interviews. As we point out in Section 4.3.1.3, we also
asked the 11 interview partners to rate all LM logistics service attributes on
a 5-point Likert scale.

importance scores from 200 surveyed e -commerce customers
As a third data source for our overall importance ranking, we surveyed
a sample of 200 e-commerce customers and asked them to rate the22
service attributes in terms of their importance in the online purchasing
process. We recruited the survey participants through Amazon Mechanical
Turk ( AMT ). Over the past decade, AMT has become the by far most
frequently used online data collection method due to a couple of bene�ts
compared to research conducted using more traditional samples. These
include (i) the access to a large and diverse participant pool, (ii) the ease
of access and speed of data collection, (iii) reasonable cost, and (iv) the
�exibility regarding the research design choice (Aguinis et al., 2021). If a
number of best-practice recommendations are followed, the data collected
through AMT are reliable and indistinguishable from laboratory data with
regards to data quality (see, Aguinis et al., 2021; M. Buhrmester et al., 2011;
M. D. Buhrmester et al., 2018). To ensure high data quality, we implement –
among other measures – attention checks, IP-address tracking and response
time tracking.

In total, we surveyed 248 individuals through AMT in June 2020. All
participants were required to be located in the USA. 15 participants did
not �nish the survey and another 17 participants completed the survey
unrealistically fast. Further, another 16 participants failed the attention
checks or gave implausible answers. The �nal sample thus comprises 200
respondents with an average completion time of 16 minutes and 16 seconds.
Note that the survey consists of two parts: the importance ranking (this
study) and the ACBC study (see, Study 3). The completion time stated
above refers to the time required to complete both parts. For an overview
of key demographic data of the �nal sample, we refer the reader to the top
rows of Table 4.9 in Supplement 4.8.2.

4.4.2 Results

In Table 4.5, we present the median importance scores for eachLM logistics
service attribute and for all three data sources introduced above. Note
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that we report the medianimportance scores in order to ensure the overall
importance ratings are not biased by outliers or extreme values from indi-
vidual studies in the meta-analysis, experts and survey participants. For
the individual, i.e., unaggregated, importance scores, we refer the reader
to Table 4.8 in Supplement 4.8.1. Note that we did not obtain ratings from
our interview partners for the attributes "delivery days" and "doorstep
experience" because we included these two attributes in our hierarchical
framework only after extensive discussion with the interview partners (see,
Section 4.3.2.3).

Table 4 .5: Summary of attribute importances
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Median Importance – Literature 5 4 4 4 4 3 3.5 2 4 1 3 4 4 4 3 4 4 2.5 4 5 3 3

Median Importance – Expert Interviews 5 5 4 2.5 3 – 4 1 3 – 2 3 3 3 1 3 4 1.5 4 5 1 3.5

Median Importance – Customer Survey 4 4 3 4 3 3 5 4 3 3 4 4 3 3 2 3 4 3 4 5 3 4

Overall Weighted Median Importance 5.0 4.5 4.0 3.3 3.4 3.0 3.8 1.7 3.4 1.5 2.6 3.5 3.4 3.4 1.9 3.4 4.0 2.1 4.0 5.0 2.0 3.4

From the three median importance scores, we calculate an overall weighted
importance score which is reported in the bottom row of Table 4.5. Like
before, a score of5 means that the attribute is extremely important for cus-
tomers during the online purchasing process, while a score of 1 indicates
that the attribute is not at all important. For each attribute, we calculate
the overall weighted importance score as follows: The median expert rat-
ing accounts for 50% of the �nal score while the median literature rating
and median customer survey rating together make up the remaining 50%.
Within the latter 50%, the individual weights of the median literature rating
and the median customer survey rating are determined based on the num-
ber of studies in the literature that examine this particular attribute plus one.
This means our customer study is assigned the same weight as each study
in the extant literature. For instance, let us consider the delivery location
attribute. The median importance scores are as follows: 5 (literature), 5
(expert interviews) and 4 (customer survey). The expert score accounts for
50% of the �nal score and the literature score and customer survey score
together account of the remaining 50%. Since there is a total of19 studies in
the literature examining this attribute (see, Table 4.8 in Supplement 4.8.1),
the literature score accounts for 19

20 = 95%and our customer survey score
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accounts for 1
20 = 5% of the 50% that these two sources account for in the

�nal score. Thus, we calculate 50%� 5+ 50%� (5 � 95%+ 4 � 5%) = 4.975� 5
to obtain the �nal importance score. For the delivery insurance attribute,
which is examined by three studies in the examined literature, we calculate
analogously: 50% � 2 + 50% � (3 � 75%+ 4 � 25%) = 2.625 � 2.6 to obtain
the �nal importance score. We chose this approach to calculate the �nal
importance score because for an attribute which is examined less often in
the literature, the in�uence that the literature score has on the �nal score
decreases and more emphasis is laid on the score from our customer rating.

(a) (b) (c)

Figure 4 .3: Comparison between attribute importances from (a) the extant litera-
ture, (b) the expert interviews and (c) our customer survey

In Figure 4.3, we visualize the importance ratings of our three data
sources by means of boxplots. Note that the attributes in Figure 4.3 are
displayed in decreasing order of importance on the purchasing decision
of e-commerce customers as measured by the overall weighted median
importance reported in Table 4.5. We see that the boxplots take approx-
imately similar positions across the three data sources, which suggests
that all sources consider the same attributes to be (un)important. Further,
at the top of the importance rating stands the delivery fee, followed by
two attributes from the time and place dimension (delivery location and
delivery time) and the return dimension (return fee and return location).
Finally, the top group of attributes with importance values greater than or
equal to 4 is completed by the delivery time window attribute. In the Study
3 below, we will take a closer look at these most important attributes (and
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additionally the offsetting delivery emissions attribute) and will determine
their importance for the online purchasing decision by means of an ACBC
analysis.

4.5 in -depth importance analysis for selected last -mile lo -
gistics service attributes (study 3 )

In the previous section, we ranked the 22 LM logistics service attributes
in order of their relative importance for the purchasing decisions of e-
commerce customers. Based on this importance ranking, we now examine
a subset of important attributes to quantify their in�uence on e-commerce
customers' purchasing behavior in more detail. The focus of this study
is an ACBC analysis for which we collected survey data from 200 online
customers in the USA. Ultimately, the ACBC results allow us to paint a
very detailed picture of the LM logistics service preferences of e-commerce
customers, broken down by various socioeconomic and demographic pa-
rameters. In addition, our ACBC data form the basis for predictions about
the share that a particular logistics service attribute will make up in a port-
folio of LM logistics services (see, Section4.6). The following Section 4.5.1
is structured as follows: We �rst present a brief overview of the conjoint
analysis approach in Section 4.5.1.1. In Section 4.5.1.2, we then describe the
design of our ACBC study. Here, we �rst de�ne the attributes and levels ex-
amined in our study before we turn to a description of the study setup and
our approach to analyze the conjoint data. In Section 4.5.2, we present the
�ndings of our ACBC. To this end, we �rst go into detail about the relative
importance of each attribute in a LM logistics service in Section 4.5.2.1. We
then turn to a discussion of the part-worth utilities both aggregated for all
study participants and broken down in detail for different socioeconomic
and demographic segments (see, Section4.5.2.2).

4.5.1 Methods

4.5.1.1 Background and Overview of the Conjoint Analysis Approach

The foundation of conjoint analysis was laid in the early 1970s (see, e.g.,
Green et al., 1971; R. M. Johnson,1974; Srinivasan et al., 1973) and over
time conjoint analysis has become one of the most successful tools for
both academic and industry marketing research. Generally speaking, con-
joint analysis refers to a set of techniques for measuring buyers' trade-offs
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among multiattributed products and services. More speci�cally, all conjoint
methods have in common that they involve presenting respondents a set of
hypothetical product or service pro�les. These pro�les are de�ned by the
speci�ed levels (also referred to as characteristics) of the relevant product
or service attributes (also referred to as features). Based on how the respon-
dents evaluate the pro�les, the researcher can then deduce the part-worth
utilities for each individual attribute level. In other words, a respondent's
utility for a certain product or service can be expressed as the sum of the
part-worth utilities of the attribute levels that de�ne the products or services.
Conjoint analysis is therefore a decompositional approach to estimating
individuals' preferences for product or service attributes (Orme, 2010). This
approach contrasts sharply with the explicit, compositional approach, in
which respondents are simply asked to rate the various attributes. The
premise is that individuals cannot reliably express how they weight certain
attributes of a product or service, but we can tease them out by taking
the more realistic approach and asking for ratings of product or service
pro�les. Therefore, conjoint analysis is an appropriate method to further
improve the level of detail and quality of our results from Study2, where we
used a simple rating approach. For a more detailed perspective on conjoint
analysis, we refer the reader to Hair et al. ( 2014, pp. 342-414), Orme (2010)
and V. R. Rao (2014). Additionally, we recommend the excellent review
papers of Green et al. (2001), Green et al. (1978, 1990) and J. Agarwal et al.
(2015) for a chronological overview of seminal work that has contributed
to the development of the conjoint method itself or applied it in various
disciplines.

In the logistics and supply chain management literature, the interest in
conjoint analysis has grown over the past two decades but examples of its
application are still rare. In fact, less than 1% of the papers published in
the discipline's premier outlets apply conjoint analysis according to Sachan
et al. (2005). Examples for the application of conjoint analysis include three
studies which investigate the supplier selection process in more depth (see,
Anderson et al., 2011; Hartmann et al., 2010; Voss et al.,2009). Moreover,
conjoint analysis has successfully been applied to understand a variety of
freight transportation and supply chain design decisions (Danielis et al.,
2005; Maier et al., 2002; Naudé et al., 2000; Reutterer et al., 2000). In a recent
paper, which is closely related to this study, D. H. Nguyen et al. ( 2019)
examine how e-commerce customers value a variety of delivery attributes
when selecting a delivery option for their online purchases. Finally, there
are two more studies that we would like to mention here: Karniouchina
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et al. (2009) review the operations and supply chain management literature
with a focus on ratings- and choice-based conjoint models; Garver et al.
(2012) provide a managerial guide for modeling choice in logistics with
special emphasis on adaptive choice modeling.

4.5.1.2 Design of our ACBC Study

definit ion of attributes and levels A fundamental step in any
conjoint analysis is the selection and de�nition of appropriate attributes
and their respective values that characterize the product or service under
investigation. Typically, full-pro�le conjoint studies involve no more than
eight attributes with about two to �ve levels each. This limit is chosen since
there is evidence that respondents cannot effectively process more than
about eight attributes at a time in a full-pro�le task (Orme, 2010). Full-pro�le
means that in each ranking task all product or service pro�les are presented
to the respondents with all attributes speci�ed by the researcher. In our
conjoint analysis, we consider six attributes that characterize a logistics
service for the LM.

In the following, we describe each attribute and its levels in more detail.
First, the delivery locationrefers to the place where the e-commerce shipment
is delivered to. Here, it comprises four levels of which the �rst is the delivery
to any address speci�ed by the customer. This could be her home or work
address, or also a friend's address. The other three levels all require some
initiative from the customer's side to pick up the shipment. These levels
include: (i) delivery to a third-party facility, which may be a partner grocery
store, gas station, bookstore, post of�ce, etc., (ii) delivery to a parcel locker
located near the customer's home, and (iii) delivery to a brick-and-mortar
retail store operated by the e-commerce merchant. Second, thedelivery
time windowis a time window within which the parcel is delivered to the
location speci�ed by the customer. This attribute includes two levels: (i)
the customer can choose any two-hour time window between 6 a.m. and
10 p.m. and (ii) the delivery can be made at any time during the entire
day (6 a.m. to 10 p.m.), i.e., the customer cannot choose a time window
delivery. Third, the delivery lead timespeci�es the time between the point
of sale and the actual delivery to the location selected by the customer.
The delivery lead time comprises four levels: (i) same-day delivery if the
order is placed before 3 p.m., (ii) next-day delivery, (iii) the possibility to
choose a speci�c delivery day after 2 business days and (iv) delivery within
three to seven business days. Fourth, thereturn policy attribute combines
two attributes from the return dimension of our categorization framework –
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return location and return fee. The return policy comprises four levels: (i)
home pickup at no extra cost, (ii) home pickup with an extra fee of $ 5.00,
(iii) return at third-party facility (such as partner grocery store, gas station,
etc.), parcel locker or proprietary brick-and-mortar retail store at no extra
cost and (iv) like (iii) with an extra fee of $ 5.00. Next, the offsetting delivery
emissionsattribute speci�es the proportion of CO2 emissions attributable
to the last mile delivery process that are offset. Offsetting of emissions can
be done by a partner organization which invests in sustainable projects to
reduce CO2 emissions or in reforestation. We speci�ed three levels for the
offset of delivery emissions: (i) no offset of CO2 emissions, (ii) 50% offset of
CO2 emissions and (iii) 100% offset of CO2 emissions. Last, thedelivery fee
attribute speci�es the price the customer has to pay for the delivery. The
attribute has seven levels ranging from $ 0 to $6 in increments of $1. Note
that we intentionally refrained from examining other pricing strategies,
such as exceeding an order minimum or the subscription to a premium
program which in turn quali�es for free shipping because they are dif�cult
to represent in a conjoint analysis.

We chose the above attributes because they sit at the top of theLM
logistics service importance ranking which we established in Study 2 (see,
Figure 4.3). Since this importance ranking is based on an extensive meta-
analysis of the pertinent literature, expert interviews conducted by us and
the aggregated responses of200online customers, we are con�dent that our
selection of attributes is reasonable and actually re�ects current customer
preferences. The remaining attribute considered in our conjoint analysis is
also part of the sustainability dimension of our categorization framework
(see, Section4.3). Speci�cally, we chose to include the offsetting delivery
emissionsattribute because we are convinced that this attribute will have an
even greater impact on e-commerce customers' purchasing decisions in the
future than today. This selection is further supported by the societal trend
toward sustainability and coincides with the statements of the experts we
interviewed.

study setup We used the Lighthouse Studio software developed by
Sawtooth Software, Inc. to implement our conjoint survey and we also relied
on the company's proprietary survey hosting service. Before presenting the
survey to actual respondents we pre-tested it with �ve researchers from our
personal network who are both familiar with the conjoint method and the
research �eld of LM logistics. Based on their feedback, we could further
improve the quality of the survey. Subsequently, we started recruiting
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participants for our conjoint study through AMT . These participants are
the same as those who participated in the survey in Study 2. In summary,
our sample contains 200 respondents from the USA who �nished the
conjoint survey and passed the attention check question. For more detailed
information on the sample of participants we refer the reader to Section
4.4.1.

In order to make our conjoint study as realistic as possible and, thus,
to increase the external validity of our results, we designed a vignette.
A vignette is a "short, carefully constructed description of a person, ob-
ject, or situation, representing a systematic combination of characteristics"
(Atzmüller et al., 2010, p. 128). Unlike in a real purchasing decision process,
the vignette triggers the product need and it also constrains the product
information search of the buyer. In our vignette text, we asked the study
participants to imagine the situation of starting to run and train for a run-
ning competition planned in six months. The participants were then asked
to imagine that they do not yet own any running shoes to begin training.
Further we told the participants that, after an online search, they �nally
�nd a suitable online store that offers their favorite model in the right size.
The study participants should then imagine that they are now about to
complete the online shopping process; only the �nal step of selecting the
delivery option was still to be done. Then, the actual conjoint study about
the LM logistics option preferences follows.

We selected a running shoe as the stimulus and product which the LM
logistics service is associated with since it is a medium-cost, medium-
replacement cycle, medium-term experience good. An experience good is
a product that customers must actually experience, through consumption
or purchase, to judge its quality (Nelson, 1974). At the same time, for the
average customer, a running shoe lies quite in the center of the famous
Vaughn grid spanned by the two dimensions "utilitarian vs. hedonic con-
siderations" and "low vs. high involvement" (see, Vaughn, 1980, 1986). In
this way, we ensure that our �ndings will be generalizable and the respon-
dents' LM logistics service preferences will only minimally be distorted by
the underlying product. As an example, one can easily imagine that the
logistics service preferences will be fundamentally different for high-cost,
high-involvement, hedonic products, e.g., designer clothes, luxury watches,
and for low-cost, low-involvement, utilitarian products, e.g., toothbrushes
or handheld staplers (see, Dhar et al. (2000) and Overby et al. (2006)).

In our conjoint study, we use the state-of-the-art ACBC approach, which
combines the best aspects of adaptive interviewing with the realism and
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accuracy of choice data. Participants �nd ACBC studies typically more
engaging, realistic, and relevant compared to traditional (static) choice-
based conjoint (CBC) interviews, even though the interviews are typically
longer (Orme, 2010). An ACBC survey typically consists of three sections.
The �rst section is referred to as the “ BYO" section. Here, the participants are
confronted with the attributes for the �rst time and are asked to select their
preferred level for each attribute individually. In this way, they compose
their ideal LM logistics service. In the subsequent “screening" section, the
participants need to screen 28 near-neighbor services and evaluate whether
these options would be a possibility for them or not. These options are
particularly relevant for the individual participant as they are generated
based on the input from the BYO section. In this section, the software learns
from the participants' response behavior and detects preference patterns. To
con�rm these patterns, the participants regularly need to con�rm or reject
so-called "totally unacceptable" and "must-have" levels. In the �nal "choice
task" section, the participants play a tournament consisting of eight rounds.
In each round, three LM logistics services compete, while the participants
weight them against each other and �nally choose their preferred option.
For a more detailed perspective on ACBC, we refer the reader to R. Johnson
(2008), Orme (2010), and Sawtooth Software (2014).

data analysis For the analysis and visualization of our conjoint data,
we used the Lighthouse Studio software and RStudio. In conjoint studies, it
is common practice to report two types of data: (i) part-worth utilities and
(ii) relative attribute importances. Part-worth utilities are interval data and
can be scaled to an arbitrary additive constant within each attribute without
changing the interpretation of the �ndings (Orme, 2010). In our study,
we report part-worth utilities in a way that they sum to zero within each
attribute. Thus, a negative utility value does not mean that the particular
attribute level is unattractive; it might, in fact, have been acceptable to
all respondents. Since utilities are interval data, i.e., the scale origin for
each attribute is arbitrary, we cannot directly compare values between
attributes and, even within attributes, it is not possible to state something
like "the delivery to an address is double as preferred as the delivery to
a locker". This is because interval data do not support ratio operations.
When calculating the part-worth utilities we use a hierarchical Bayes ( HB)
estimation approach. In this approach, the accuracy and stability of each
individual's part-worth estimates is improved by borrowing information
from every respondent in the data set. Moreover, the HB approach is very



170 characteristics of last -mile logistics services in e -commerce

successful in reducing the independence from irrelevant alternatives ( IIA )
problem, also called the Red-Bus/Blue-Bus problem (see, V. R. Rao,2014;
Ray, 1973).

The relative importance of an attribute re�ects its contribution to the total
utility of the LM logistics service. According to Orme ( 2010), the relative
importance can be calculated as follows. For each attribute, we calculate
the range in the attribute's utility values, i.e., we subtract the lowest utility
value from the highest. The sum of all individual utility ranges is then
referred to as the total utility range. Finally, the relative importance of an
attribute is the share of that attribute's utility range in the total utility range.
Note that importance measures are ratio-scaled, but they are also relative,
study-speci�c measures. That means the importance has a meaningful zero-
point and an attribute with, say, an importance of 30% is twice as important
as an attribute with an importance of 15%. However, this statement is
not generalizable beyond the attributes and levels used in that particular
study. In other words, we can compare one attribute to another in terms of
importance within a conjoint study but not across studies featuring different
attribute lists and levels.

4.5.2 Results

In this section, we present and discuss the �ndings from our conjoint anal-
ysis. To this end, we provide a summary of the most important conjoint
results in Table 4.6. Here, we display the relative importance of each at-
tribute in a LM logistics service and brie�y discuss them in Section 4.5.2.1.
In Table 4.6, we additionally report the part-worth utilities for each attribute
level along with their standard errors and the 95% con�dence intervals. We
discuss the part-worth utilities in detail in Section 4.5.2.2.

4.5.2.1 Relative Importances of Attributes

With a relative importance of 29.2%, the delivery feeis the most important
attribute of the LM logistics services speci�ed in our study (see, Table 4.6).
Price matters most to customers when choosing a LM logistics service.
The delivery feeis closely followed by the delivery locationwith a relative
importance of 28.2% and delivery lead timewith a relative importance of
15.11%. The return policy comes in fourth place with a relative importance
of 13.35%, followed by the offsetting delivery emissionsattribute ( 9.48%) and
the delivery time window(4.83%). These �ndings are very much in line
with the importance ranking from Study Study 2 (see, Figure4.3). In the
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following, we go into more detail for each of the six attributes and present
the part-worth utilities for each attribute level.

Table 4 .6: Overview of relative importances and raw utilities together with BYO
preference shares

Rel. Importance [%]
Part-Worth Utility

Std.
Error

Lower
95% CI

Upper
95% CI

BYO Pref.
Share [%]

Delivery Location 28.02% 0.89% 26.28% 29.77% –

any address speci�ed by the customer 3.23 0.16 2.91 3.55 92.5%

parcel locker -0.94 0.10 -1.14 -0.73 0.0%

proprietary retail store -0.96 0.09 -1.13 -0.78 5.0%

third-party facility -1.34 0.09 -1.51 -1.17 2.5%

Delivery Time Window 4.83% 0.35% 4.15% 5.50% –

delivery at any time during the entire day 0.13 0.03 0.06 0.20 57.0%

choose a two-hour time window -0.13 0.03 -0.20 -0.06 43.0%

Delivery Lead Time 15.11% 0.67% 13.79% 16.43% –

next-day delivery 0.77 0.04 0.69 0.85 42.0%

same-day delivery 0.68 0.06 0.56 0.80 23.5%

choose delivery day after 2 business days -0.10 0.04 -0.19 -0.02 19.5%

delivery within 3 to 7 business days -1.35 0.08 -1.51 -1.19 15.0%

Return Policy 13.35% 0.55% 12.28% 14.42% –

home pickup at no extra cost 1.21 0.07 1.08 1.34 64.5%

return at store/locker at no extra cost 0.86 0.07 0.73 0.99 35.5%

home pickup with an extra fee of $ 5 -0.87 0.06 -0.98 -0.76 0.0%

return at store/locker with an extra fee of $ 5 -1.20 0.08 -1.36 -1.05 0.0%

Offsetting Delivery Emissions 9.48% 0.52% 8.46% 10.51% –

100% offset of CO2 emissions 0.63 0.05 0.54 0.72 51.0%

50% offset of CO2 emissions 0.18 0.03 0.12 0.24 38.0%

no offset of CO2 emissions -0.81 0.06 -0.92 -0.70 11.0%

Delivery Fee 29.2% 1.00% 27.25% 31.16% –

$0 2.50 0.20 2.11 2.89 -

$1 1.67 0.13 1.41 1.93 -

$2 0.84 0.13 0.59 1.10 -

$3 0.29 0.13 0.03 0.55 -

$4 -0.48 0.16 -0.79 -0.18 -

$5 -1.02 0.17 -1.35 -0.69 -

$6 -3.79 0.25 -4.28 -3.30 -

None 1.24 0.10 1.04 1.45

4.5.2.2 Part-Worth Utilities of Attribute Levels

In the following, we present the results of our analysis of the part-worth
utilities. For each attribute and the associated levels, we begin with an
analysis of the part-worth utility data aggregated across all respondents
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(see, Figure4.4). We then turn to a more granular analysis of part-worth
utility data broken down by different socioeconomic and demographic
segments of respondents. For these detailed part-worth utility data, we
refer the reader to Table 4.9 in Supplement 4.8.2.

Figure 4 .4: Boxplots of part-worth utilities for each attribute examined in our
ACBC study

delivery fee For customers it plays a major role whether they need
to pay for the LM delivery and if so, how much. In Figure 4.4(a), we
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provide boxplot representations of the part-worth utilities for the various
delivery fees. Customers largely prefer a free delivery and we notice that
the utility decreases with every increase in price. However, there is a high
level of variation associated with the part-worth utilities which means that a
signi�cant portion of the respondents is willing to pay for a more convenient
LM delivery service while other respondents are very price-sensitive and
are very hesitant to spend any amount of money for the delivery of their
ordered products. This price-sensitivity or price expectation for the LM
delivery service is also dependent on the value of the underlying product.
For instance, one respondent mentioned in the comments that she would
"expect a free delivery option for a $ 100 product ( 3-7 days)". Moreover,
respondents rarely (3.5%) �ag a delivery fee of up to $ 3 as "unacceptable" in
the screening section of our conjoint survey whereas high delivery fees of $ 5
and $6 are out of question for 36% and 51.5% of respondents, respectively.
From Table 4.9 in Supplement 4.8.2, we see that a free delivery provides a
high utility to all age groups although the utility for a free delivery decreases
with age. This could be explained by the fact that senior individuals are
on average more wealthy than younger ones. Interestingly, high income
customers seem to have higher utilities for low delivery fees ($ 0, $1, $2) on
average than middle or low income individuals, which could be cynically
interpreted as stinginess. Last, females have on average higher utilities in
all delivery fee levels than males.

delivery location We �nd that most respondents strongly prefer
the delivery to an address speci�ed by them. In fact, 92.5% of all respon-
dents chose the delivery to an address as their preferred option in the BYO
section of the survey. The remaining three delivery locations are rarely
chosen and offer a much lower utility (see, Figure 4.4(b)). We �nd that the
respondents show similar preferences for the delivery to a parcel locker,
to a proprietary brick-and-mortar retail store and to a third-party facility
such as a gas station or a grocery store. This is plausible since these three
attribute levels are similar in the sense that the actual LM is always over-
come by the customer, i.e., the customer needs to become active herself.
In the screening section of our conjoint survey, 25% of the respondents
�agged the delivery to a parcel locker as unacceptable, 21% said that a
delivery to a retail store was unacceptable and another 21% indicated that
a delivery to a third-party facility was no option for them. In contrast, none
of the respondents �agged the delivery to an address as unacceptable. Our
analysis further suggests that the geographical area where the customer
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lives has a signi�cant in�uence on the utilities of the delivery location levels
examined in this study (see, Table 4.9 in Supplement 4.8.2). Both customers
living in urban and rural areas overall prefer a delivery to an address but
the part-worth utility of an address delivery is much higher for customers
living in rural areas compared to those living in urban areas. Furthermore,
the delivery to a parcel locker is the second most preferred delivery location
for urban customers, while this option poses a much lower utility for rural
customers. However, the setup of our study only allows us to speculate
about the factors that drive these observations. For instance, customers in
rural areas may have found delivery to a parcel locker unattractive because
there are few lockers in rural areas and picking up packages from one of
those few lockers takes a lot of time and effort. Moreover, we noted that
sustainability aspects might also have an in�uence on the decision where
customers want their parcels to be delivered. The delivery to an address
offers signi�cantly less bene�t to customers who indicated that it is very or
extremely important to them that the environmental impact of the entire
delivery process is low. These customers are also generally more likely to
pick up their parcel at the retailer's store, a third-party facility, or a locker.
Last, we would like to highlight that, to some customers, the delivery lo-
cation is even more important than the delivery fee. In particular, this is
true for customers aged over 45 years and for those who are subscribed to
a premium delivery program.

delivery lead time Overall, customers prefer a fast same-day or next-
day delivery over a delivery after 3-7 business days (see, Figure4.4(c)).
However, what is remarkable is that many respondents actually prefer
the slower next-day delivery over a same-day delivery. In the BYO section
of the survey, 42% of the respondents chose the next-day delivery level
while only 23.5% chose same-day delivery as their preferred attribute level.
Once again, we can only speculate about the reasons driving this behavior.
Customers may not be �exible enough to adjust their daily schedule to
receive a same-day delivery, while – if they choose next-day delivery – they
still have enough time to change to adjust their schedule. Thus, it seems that
faster is not always better. Further, we identi�ed age to be an in�uencing
factor when it comes to the preferences of delivery lead times. The part-
worth utility for a fast same-day or next-day delivery is particularly high
for customers under 25 years and the option to choose a delivery date after
two business days seems to be especially appealing to people over45 years.
Finally, we found that the delivery lead time decision is also in�uenced
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by how environmentally aware the customer is: A same-day or next-day
delivery provides higher utility to customers who declared themselves to
be not very environmentally conscious than to those who attach value to
sustainability topics.

return policy The return policy comprises two aspects that we assess
jointly in our conjoint analysis: the return location and the return fee. From
Figure 4.4(d), we can see that the return fee clearly has a stronger impact
on the overall utility of the return policy than the return location. The two
free return options provide far higher utilities than the two return policies
for which the customers have to pay an extra fee of $5 and for almost
one out of �ve ( 19%) customers a return policy that comes with a fee of
$5 is unacceptable. This cost effect appears to mask the in�uence of the
return location: The part-worth utility differences between a home pickup
and a store/locker pickup are marginal, which is surprising given that
the customer effort is signi�cantly higher for the latter. Nevertheless, most
customers still prefer having the return parcel picked up from their home
rather than having to return it at a store/locker at both price levels. In
the BYO section, 64.5% of the respondents opted for a free home pickup
while the remaining 35.5% selected a free pickup from a retail store/locker.
Looking at the disaggregated data (see Table4.9 in Supplement 4.8.2), we
see that frequent shoppers (more than one order per week) attach great
importance to a free return policy. This is plausible since this customer
segment is also most affected by potential parcel return fees. Similar to
the delivery location attribute, customers living in rural areas have higher
utilities for home pickup options than urban customers. Overall, our results
suggest that most customers are willing to accept a return policy that
requires them to return the package to a store or locker, as long as the
return is free.

offsetting delivery emissions From Figure 4.4(e), we can see that
offsetting all CO2 emissions of the delivery offers the highest utility to
the respondents, followed by offsetting 50% of emissions and the option
in which no emissions are offset. Moreover, in the BYO section, 51% of
the respondents chose to offset all CO2 emissions and another 38% opted
for offsetting 50% of the emissions. This result is largely in line with our
expectations and shows that sustainability issues have become increasingly
important in society. However, our �ndings also suggest that the road to
entirely sustainable LM delivery services is still long: For only 4% of the
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respondents, offsetting no emissions is unacceptable. We believe that only
if a large portion of customers actually demands a truly sustainable LM
delivery more service providers will move and offer sustainable delivery
options. When disaggregating the conjoint data into different age groups
we see that offsetting all CO2 emissions provides the highest utility for
individuals below 25 years. This age group is also most opposed to not
offsetting any emissions. Moreover, as expected, offsetting all CO2 emissions
provides the highest bene�t to individuals who would describe themselves
as environmentally conscious.

delivery time window Among the six attributes considered in our
conjoint analysis, the delivery time window has the lowest relative im-
portance (4.83%). Surprisingly, our conjoint data indicate that customers
slightly prefer the delivery at any time during the entire day over a two-
hour time window speci�ed by them (see, Figure 4.4 (f)). In the BYO section,
53% of the respondents chose the "delivery at any time during the entire
day" option. An explanation for these surprising results could be that some
respondents did not correctly understand the difference between the two
levels of this attribute despite our detailed explanation. Some respondents
might have misunderstood that they cannot in�uence the actual delivery
time in the "delivery at any time during the entire day" option. Instead
they might have thought that it means that they could choose a particular
point in time during the day at which they would like to have the parcel
delivered, i.e., a one-minute time window in the extreme case. Another
plausible explanation is that the data are not �awed but that a time window
delivery does not provide any bene�t to the customers. This is particularly
conceivable in light of the fact that the conjoint analysis was conducted
during the initial phase of the Corona pandemic when a strict lockdown
was in place. During this time, many potential online shoppers worked
from home and were ready to accept parcels at any time.

4.6 scenario analysis and simulation tool for last -mile
logistics service portfolios (study 4 )

A downside of the attribute importances and part-worth utilities, which
we discussed above in Sections4.5.2.1 and 4.5.2.2, is that they are not very
easy to understand and interpret. This is mainly because the part-worth
utilities are interval data and are displayed on an arbitrary scale (see, Section
4.5.1.2), which makes it impossible to compare utility values between the
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attributes. A way out is offered by so-called market or choice simulators.
In the choice simulator, we can specify a number of different LM logistics
services, which together form a logistics service portfolio. We can then
estimate the percentage of respondents who would prefer each service and
the percentage of respondents for whom none of the services would be
acceptable (none share). With the choice simulator, we can make the most
of our conjoint data from Study 3 since the results of the choice simulator
are easy to interpret due to their ratio scale properties. For example, it
would be legitimate to claim that a logistics service with a preference share
of 20% is twice as preferable to customers as a service with a10% share.
Study 4 relies on the choice simulator and comprises two types of analysis:
(i) a sensitivity analysis and (ii) a scenario analysis. In Section 4.6.1, we
�rst explain how the choice simulator works (see, Section 4.6.1.1) before we
describe the methods used in our two analyses in more depth (see, Sections
4.6.1.2 and 4.6.1.3).

4.6.1 Methods

4.6.1.1 Concept of the Choice Simulator

In a choice simulator, the raw conjoint part-worth utility data are converted
into simulated market choices. Any combination of products or services can
easily be introduced to a hypothetical market and the simulator then reports
the percentage of respondents projected to choose each product or service.
Thus, a choice simulator is a bit like having all respondents of a conjoint
study "gathered in one room for the sole purpose of voting on product
concepts within competitive scenarios [...] without getting tired, asking for
lunch breaks, or requiring you to pay them by the hour." (Orme, 2010, p. 89).
In general, choice simulators can be used to investigate a variety of topics
about customer preferences and shares of choice in a way that is useful to
practitioners. These topics include new product design, product positioning,
pricing strategy, market segmentation and the competitive environment.
For a more detailed discussion of the bene�ts and applications of choice
simulators, we refer the reader to Orme ( 2010).

Choice simulators are commercially available or can be constructed using
spreadsheet programs. We perform our simulation using the choice simu-
lator from Sawtooth Software, Inc. This simulator is well-established and
uses a randomized �rst-choice ( RFC) approach with 1250iterations for each
respondent. In each iteration, a random error is added to the individual
part-worth utilities and the LM logistics service with the highest utility
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sum is determined for each respondent. Subsequently, the probability of
choice at the individual level is calculated and the total share of preference
can be determined (see, Orme,2010). However, there are some limitations
and assumptions that should be kept in mind when using a choice sim-
ulator. First, it is assumed that all information relevant to the customer's
purchasing decision is re�ected in the attributes of the conjoint analysis.
Furthermore, a choice simulator can naturally not take into consideration
external effects such as advertisements. Also, it assumes that respondents
accurately re�ect potential buyers. Therefore, the results from a choice
simulator should be interpreted as customer preferences and not as real
market share predictions (see, Orme, 2010).

In addition to the commercial choice simulator, we built a spreadsheet-
based choice simulator. The spreadsheet-based choice simulator does not
require any license and is available for download. 1 Please note, that a sim-
ulation can only be carried out with Microsoft Excel and the "RFC Excel
Plugin" installed (detailed instructions can be found in our spreadsheet).
Compared to the commercial simulator, the spreadsheet-based choice sim-
ulator is less accurate because it uses fewer iterations. For this reason, we
performed all our analyses with the commercial choice simulator from
Sawtooth Software, Inc. We encourage practitioners to use our simulator to
make predictions about the customer preferences and the success ofLM
logistics service portfolios. For scholars, the simulator is particularly useful
to conduct benchmark or comparison analyses for future studies in this
�eld.

4.6.1.2 Sensitivity Analysis Using the Choice Simulator

The �rst type of analysis we conduct with the help of the choice simulator
is a sensitivity analysis, which offers a way to calculate preference scores
for each level of each product or service attribute. With the help of the
sensitivity analysis, the researcher can then quantify how much a product's
or service's overall preference can be improved (or made worse) by changing
its attribute levels one at a time, while holding all other attributes constant at
prede�ned base case levels (see, Orme,2010). Departing from this standard
sensitivity analysis approach, in which preference scores are used, we place
the so-called "none share" at the center of our sensitivity analysis. The none
share is the negative counterpart to the preference share and indicates the
share of customers who �nd a particular LM logistics service unacceptable

1 The spreadsheet-based choice simulator can be retrieved from
https://polybox.ethz.ch/index.php/s/TqyOxIHrxM 3ccyK.
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and would therefore abandon the online shopping cart without completing
the purchase. Placing the non-share at the center of our sensitivity analysis
makes particular sense because ultimately every online retailer strives to
reduce the non-share as much as possible. This prevents them from losing
sales and potential customers from turning to competitors who offer a more
attractive LM logistics service portfolio.

Conducting sensitivity analysis starts by de�ning a base case product
or service. In our case, the base caseLM logistics service is de�ned by the
following six attribute levels: (i) delivery to an address speci�ed by the
customer, (ii) delivery at time during the entire day (i.e., no time window),
(iii) delivery within 3 to 7 business days, (iv) the product return at a
store/locker comes at no extra cost, (v) CO2 emissions are not offset and
(vi) the delivery fee is $ 3. We have chosen this combination of attribute
levels as our base case scenario because it corresponds best to the most
common LM logistics service offered in practice today. In a next step, we
change the logistics service characteristics one level at a time, while holding
all other attributes constant at their base case levels. We then run the choice
simulator repeatedly to capture the incremental effect of each attribute level
upon the none share. Once all levels within a given attribute have been
tested in this way, we reset that attribute to its base case level and test the
next attribute.

The one-attribute-at-a-time approach to sensitivity analysis provides a
good way to assess the relative impact of each service attribute on the none
share. However, before drawing detailed conclusions on the basis of this
simple sensitivity analysis or making recommendations to the management
of an online retailer, we would like to conduct a more sophisticated what-if
analyses, varying more than one attribute at a time.

4.6.1.3 Scenario Analysis Using the Choice Simulator

The second analysis we conduct with our choice simulator is a scenario
analysis, which is more relevant for decision making in practice when it
comes to designing actual portfolios containing different logistics services.
In contrast to the sensitivity analysis, the scenario analysis allows us to
guide the simulation towards more realistic logistics service offerings. We
do this by considering the correlation of the individual service attributes
with the price. For instance, a logistics service with a shorter order lead time
will probably come hand in hand with a higher delivery fee. Moreover, the
scenario analysis allows us to directly compare the preference of customers
for a number of competing LM logistics services in a portfolio of different
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services. This is not possible in the sensitivity analysis where only the
preference of a single service along with the corresponding none share is
considered.

The �rst step in our scenario analysis is to de�ne a set of LM logistics
services, which vary in their respective attribute levels and fees and are
commonly offered by online retailers. In Table 4.7, we present six distinct
LM logistics services, which then form the basis for the de�nition of various
scenarios. Most important for the standard deliveryservice is that it includes
an address delivery and that it is offered for free. Thus, in the standard
delivery, the two most important attributes are at their most preferred levels
(see, our conjoint �ndings in Table 4.6 in Section 4.5.2.1). On the downside,
when choosing the standard delivery service, the customer has to wait for
up to 7 days for the parcel, a time window delivery is not included, delivery
emissions are not offset and, in the case of a return, the customer needs to
drop the parcel at a store or locker. Note that this service corresponds to
the base case service from the sensitivity analysis de�ned above in Section
4.6.1.2 with the only difference that it is offered free of charge. The standard
delivery greenservice is very similar to its non-green counterpart only that –
as the name indicates – all delivery emissions are offset. However, for this
additional service, customers are charged $3. The �exible express delivery
includes fast next-day delivery within a two-hour time window speci�ed
by the customer but comes with a $5 delivery fee. With the collect-in-store
service, the ordered items are made available in a brick-and-mortar store for
pick up by the customer even on the same day. Since the customer needs to
overcome the actual LM this service is offered free of charge. The last two
services in Table 4.7 are designed for frequent shoppers in particular. Here,
it is assumed that the customer is subscribed to a premium program offered
by the online retailer, such as Amazon Prime or Walmart+, for which he
or she needs to pay a monthly fee and, in turn, can use certain premium
delivery services for free or at a reduced fee. The immediate deliveryis similar
to the �exible express deliverybut the parcel will even be delivered on the
same day and for a reduced fee of $4. The express deliveryis free of charge
for subscription customers and includes a fast next-day delivery.

In a next step, we combine these delivery services into a set of scenarios.
These scenarios correspond to different LM delivery service portfolios that
online shops might offer. For instance, we could imagine that an online
retailer offers a standard deliveryservice, a �exible express deliveryservice and
a collect-in-storeoption. We introduce six of these delivery service portfolios
or scenarios in Section 4.6.2.2. For each scenario, we then calculate the
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Table 4 .7: LM logistics services considered in our scenario analysis

Last-Mile

Logistics Service

Delivery

Location

Delivery

Time Window

Delivery

Lead Time

Return

Policy

Offsetting

Delivery Emissions

Delivery

Fee

Standard delivery

address

delivery at

any time

3-7 business

days
return at

store/locker

at no extra cost

no offset of emissions $0

Standard delivery green 100% offset of emissions $3

Flexible express delivery select2-hour slot next-day

no offset of

emissions

$5

Collect-in-store delivery to retail store N/A
same-day

$0

Immediate delivery (subscription)
address

select2-hour slot $4

Express delivery (subscription) delivery at any time next-day $0

preference shares of allLM logistics services included in the scenario and
the none share which indicates the percentage of customers for whom none
of the offered services is acceptable.

4.6.2 Results

In this section, we present and discuss the �ndings of our sensitivity and
scenario analyses, which are both based on the conjoint data from Study 3.
This section therefore consists of two parts and is structured as follows: In
Section 4.6.2.1, we discuss the �ndings of the sensitivity analysis in which
we quantify the none shares of a speci�c LM logistics services by varying
one attribute level at a time, starting from a base case service. In Section
4.6.2.2, we analyze six scenarios in which we combine different LM delivery
services and quantify customers' preference shares for each service.

4.6.2.1 Sensitivity Analysis Using the Choice Simulator

The base case scenario is associated with a none share of36% (see, black dots
in Figure 4.5). This means that 36% of the potential customers of an online
shop would �nd the standard LM delivery service (base case) unacceptable,
would therefore abandon their shopping carts and would potentially turn
to the competition. Conversely, this also means that 64% of the customers
would – at least to some extent – be satis�ed with the standard delivery
service. However, these statements must not be generalized and must be
viewed with caution, because – strictly speaking – they are only valid if
a LM logistics service is precisely de�ned by our six attributes and their
respective levels. From Figure 4.5(a), we see that – keeping all other levels
of the base case constant – any other delivery location than an address
speci�ed by the customer would lead to an extreme increase of the none
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share to around 80%. Under these circumstances, only around 20% of the
potential customers would be satis�ed with the LM logistics service and
would order at the online store. The sensitivity analysis also shows very
clearly that the time window attribute plays only a subordinate role when
it comes to the design of preferable LM logistics services (see, Figure4.5(b)).
On the contrary, the delivery lead time is a much more effective lever as we
can see from Figure 4.5(c). By offering a fast next-day delivery instead of
the slower delivery after 3-7 business days, an online store can potentially
reduce the none share from 36% to 15%. This is very much in line with
what market research studies have found. For instance, MetaPack (2021)
and UPS (2019) show that long order lead times lead to a negative delivery
experience and are a reason for more than 20% of online shopping cart
abandonments. As we see from Figure 4.5(d), it is quite important to offer
some type of free parcel return option as failing to do so has a very negative
effect on the none share. As long as a free return option is offered it only
plays a minor role whether the customer needs to return the parcel at a
store/locker or whether the parcel is picked up at the customer's home. As
we see from Figure 4.5(e), an online shop can signi�cantly reduce the none
share by offsetting CO2 emissions. If offsetting emissions is not included
in the standard delivery option any online shop owner should de�nitely
consider an additional "green" delivery option to �sh for environmentally
conscious customers. Finally, Figure 4.5(f) shows that whether a particular
LM logistics service is accepted by an online store's customers depends to
a large extend on the delivery fee.

4.6.2.2 Scenario Analysis Using the Choice Simulator

It is common that online retailers offer their customers a portfolio of differ-
ent LM delivery services they can choose from. In the following, we analyze
six scenarios, in which the delivery portfolios are made up of common
combinations of the six LM delivery services we de�ned in Section 4.6.1.3.
For each scenario, we report the preference shares of the delivery services
included in that scenario and the none share in Figure 4.6.

Scenario1 includes only the free standard delivery option and, as we
can see from Figure 4.6, this option would be acceptable to 79.5% of the
customers. However, for 20.5% of the customers, this single delivery option
would be unacceptable, for instance, because they want faster shipment.
In this scenario, the online retailer would thus lose about 20% of potential
customers along with the sales generated by them. This is particularly
annoying for the retailer since the customer has already made a purchasing
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Figure 4 .5: Overview of sensitivity analysis for the six LM logistics service at-
tributes

decision for a particular product, is now about to complete the purchasing
process and is only deterred from buying by an unsuitable set of delivery
services. Scenario2 illustrates very well what offering an inappropriate
selection of delivery services can lead to. In this scenario, only a �exible
express delivery is offered. As we saw in the analysis of our conjoint
data (see, Section4.5.2.2), customers generally prefer a faster delivery but
here the positive effects of a faster delivery are overcompensated by the
negative utility effects of the $ 5 delivery fee. Thus, in sum, only offering a
�exible express delivery leads to an even higher none share ( 30.8%) and,
consequently, higher lost sales. We show how to do it right and effectively
reduce the none share in Scenario3. In this case, both the standard delivery
and the �exible express delivery are offered. The heterogeneous preferences
of the various customers can already be represented very well in this
portfolio, so that the none share is reduced to 12.7%.

In Scenario4, we additionally consider a collect-in-store option. The none
share can be reduced further to 10.2% but we also see that the competing
delivery options in the portfolio start to cannibalize each other. For instance,
the standard delivery is now only the preferred option for 46.8% of cus-
tomers (down from almost 80% and 57% in the �rst and third scenarios,
respectively). This effect becomes even more apparent inScenario5, where
we introduce the green standard delivery. Only 6.9% of the customers are
not satis�ed with the delivery options and the preference shares for the
other options becomes more evenly distributed. Ultimately, adding more
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Figure 4 .6: Preference shares of individual LM logistics services in Scenarios1 to
6

LM services to the portfolio constitutes a trade-off for the online retailer. On
the one hand, a more elaborate portfolio of LM delivery options leads to a
reduced none share which translates into higher sales. Moreover, a more
diverse portfolio can better re�ect the heterogeneous customer preferences,
which entails further positive effects. For instance, in Scenario5 customers
actually do have choice between different services while in the one-service-
�ts-all approach from Scenario1 many customers will only be partially
satis�ed as they have no choice but to take the standard delivery. In Scenario
5, customers who want a particularly fast delivery or who are concerned
about a sustainable delivery are also accounted for. Thus, the bene�ts of a
more diverse LM logistics portfolio are likely to go beyond simply reducing
the none share because more satis�ed customers are more likely to become
more loyal customers with a more positive image of the shop's brand in
their minds. In turn, more loyal customers and a more positive brand image
will ultimately translate into increased future sales. However, this proposed
relationship between LM logistics services and brand image or brand equity
has not been studied in the academic literature, yet. On the other hand,
a more elaborate portfolio of LM delivery options also leads to increased
planning/coordination effort and logistics costs for the retailer. In the highly
competitive e-commerce market, online retailers are often unable to pass
on the increased logistics costs to their customers because customers are
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quite simply not prepared to pay the logistics costs in full or even expect
free delivery.

The last scenario we consider here (Scenario6 in Figure 4.6) differs from
the previously discussed scenarios. Here, we simulate a portfolio of LM
logistics services with two services that are only available to customers
subscribed to a premium program for which they need to pay a monthly
fee. We see that around three quarters of all customers would prefer one
of the two premium services ( 63.2% for the express delivery and 12.7%
for the immediate delivery). This leads to a crowding out of the standard
delivery service and the collect-in-store option while the none share remains
relatively constant in comparison to Scenario5. Strictly speaking, this claim
is not entirely correct, since we cannot take into account in our simulation
that premium customers have to pay a monthly fee, which should actually
be priced in here. But even if the actual share of customers who would
opt for a premium service would be somewhat lower as a result, it still
becomes clear that a premium subscription program is not necessarily the
right measure to reduce the none share. Furthermore, when online retailers
are faced with the decision to implement a premium subscription program,
they need to strike a balance between the cost and effort on the one hand
and the bene�ts of additional sales and more loyal customers on the other
hand.

4.7 conclusion

In this study, we investigate into the characteristics of LM logistics services
and to what extent they in�uence e-commerce customers' purchasing deci-
sions. In particular, we answer two research questions: "How can a LM lo-
gistics service be characterized and what attributes does it encompass?" and
"Which speci�c LM logistics service attributes have the greatest in�uence on
the purchasing decisions of online customers?". The main objective of this
research endeavor is to help practitioners understand which speci�c LM
logistics service portfolios they could offer in order to minimize shopping
basket abandonment and maximize sales. Moreover, we help scholars gain
insights into what attributes a LM logistics service encompasses and how
the various service attributes can be logically categorized. These insights
are particularly useful when it comes formulating new research questions
and selecting logistics service attributes that deserve greater attention in
the academic discourse.
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In response to the �rst research question, we propose a third order cate-
gorization framework that comprises 22 service attributes which form the 5
dimensions timing and place, trust and security, sustainability, return, and
pricing. Overall, this framework provides a holistic overview of common
LM logistics services currently offered in the e-commerce market.

To address the second research question, we establish an importance
ranking of the 22 attributes from our categorization framework based on a
meta-analysis of the pertinent literature, expert interviews and a survey of
online customers. Moreover, we conduct an ACBC analysis of six selected
service attributes and a scenario analysis in which we predict the share of
distinct logistics service options within portfolios of services. Our �ndings
suggest that the delivery fee is the most important attribute with a relative
importance of 29.2%, closely followed by the delivery location ( 28.2%) and
the order lead time ( 15.11%) while a sustainable delivery strongly gains
traction. We further show that an ideal LM logistics service would comprise
a next-day home delivery for which all CO2 emissions are offset. Further,
whether or not the customer can choose a delivery time window does not
seem to be overly important. This is in contrast to the shipment return
policy, which should come at no extra charge to be popular with customers.
Our analysis of common scenarios implies that customers' logistics service
preferences are very heterogeneous and that a diversi�ed delivery option
portfolio can signi�cantly reduce the share of customers for whom no
logistics service option is acceptable and who would therefore abandon
their online shopping cart.

Our study is accompanied by some limitations that provide fruitful av-
enues for future research. First, while our study delivers good results about
the relative importance of individual attributes that characterize a LM
logistics service, our importance ranking ( Study 2) and the ACBC analy-
sis (Study 3) do not allow drawing any conclusions about the importance
of the LM logistics service within the whole e-commerce process and its
overall impact on online customers' purchasing decisions. For instance, we
cannot compare the importance of a LM logistics service to other factors
that certainly in�uence online customers' purchasing decisions but are
not directly related to LM logistics, e.g., the website design, security and
privacy measures, and customer service (see, Blut,2016). It would therefore
be desirable to conduct a study that completes the big picture and sets our
detailed �ndings regarding the in�uence of various LM logistics services on
online customers' purchasing decision in relation to other attributes that are
important to online customers. Second, for our hierarchical framework and
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later also for our ACBC study, we made a profound selection of attributes
and levels based on three different data sources. However, the selection of
these attributes and also the assignment of these attributes to the various
dimensions remains to some extent subjective despite the use of scienti�c
methods and the necessary rigor. Moreover, the selected attributes can
never capture all aspects of reality and there are other factors that may
also be of great concern to customers when choosing delivery options. For
instance, D. H. Nguyen et al. (2019) chose to study the effects of a day-
time/evening delivery and weekday/weekend delivery on the purchasing
decisions. Third, it is uncertain whether the results of our conjoint analysis
are generalizable beyond the product and price level we used in our study.
We chose a medium-cost, medium-replacement cycle, medium-term expe-
rience good (running shoe) and product price ($ 100) that is signi�cantly
higher than the logistics service (up to $ 6). Future research should thus
investigate the in�uence of the logistics service on the purchasing decisions
of the customer for different product types and price levels. Next, in our
importance ranking and the conjoint analysis, we only surveyed respon-
dents from the USA. Thus, our �ndings are limited to a speci�c cultural
area and it is uncertain to what extent our �ndings are generalizable to
other countries or continents. As cross-border shopping is becoming more
common and more and more online retailers are shipping internationally,
future research could lay emphasis on cross-cultural aspects and explore the
diverse customer preferences. Last, our study is just a snapshot that presents
an up-to-date picture of how logistics services in�uence the purchasing
decisions of online customers. The e-commerce market is currently growing
fast and is very dynamic. Online retailers constantly need to respond to
changing customer expectations and be innovative. This means that LM
logistics services offered today may not be critical to customers tomorrow.
Finally, we cannot re�ect changing expectations with regards to attribute
levels in our conjoint study. For example, a delivery lead time of two to
three business days is standard today, but could be reduced to one day in
the future. As a result, the utility that next-day delivery offers customers
today would probably also decrease. This calls for a future study with
a longitudinal design to record and model the in�uence of LM logistics
services on customers' purchasing decisions over time.
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4.8 supplements

4.8.1 Additional Material for Study2

Table 4 .8: Overview of attribute importances from the literature, the expert inter-
views and the customer survey

Timing and Place Trust and Security Sustainability Return Pricing
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Practitioner-oriented Literature
Accenture (2015) 3 4 – – – – – 2 – – – – – – – – 4 – – 5 – –

Capgemini Research Institute (2019) 3 4 5 3 – – – – – – – – 3 – – – 3 – – 4 4 3

CommerceHub (2020) 5 – 4 – – – – – – – – – – – – – – – – – 4 –

Deloitte (2019) 4 1 – – – – 3 3 – – – – – – – – – – 2 5 – –

DPDgroup ( 2018) – – 4 – – – – – 4 – – – – – – – – – – 4 2 –

EHI Retail Institute ( 2019b) 5 4 3 – 4 4 4 1 1 3 5 – 4 – – – 4 – 4 5 – 3

GS1 Germany GmbH ( 2019) 5 – 5 4 – – 4 – 4 1 – – – 4 – – – – – 5 – –

Händlerbund ( 2018) – – – – – – – – 2 – – – 3 – – – – – – – – –

Magento (2017) 5 4 – 4 – – – – 4 – – – – – – – – – – – – –

McKinsey&Company ( 2016) 5 3 1 – – – – – – 1 – – – – 3 – – – – 5 – –

MetaPack (2018) 5 4 – – 4 2 4 – 3 – 3 – – 4 1 4 4 4 4 5 1 4

MetaPack (2021) 4 5 – – 1 1 3 – – – – – 4 – – 4 – – 4 5 – –

MindTake ( 2018) 3 4 4 – – – – – – – – – – – – – 4 – 4 4 3 –

MindTake ( 2020) 4 4 4 – – – – – – – – – – – – – 4 – 4 5 3 –

National Retail Federation ( 2020) 5 – – – – – – – – – – – – – – – – – – – 4 –

Post CH Ltd ( 2020) 5 4 2 – 4 – 5 – – – – 4 4 4 4 4 – – 5 5 – –

PostNord (2019) 5 – – – – – – – – – – – 4 – – 3 – – – 5 – –

PostNord (2020) 5 4 4 – – – – – – – – – – – – 3 – – – 4 – –

Pricewaterhouse Coopers GmbH (2018) 5 4 4 – – – 3 – 4 – 3 – 1 1 3 4 4 – 4 5 – –

United States Postal Services (2020) 3 2 4 – – – – – – – – – – – – – – – – 4 – –

UPS (2019) 4 5 – 5 – – 3 2 – – – – – 2 – – – 1 – 3 – –

Academic Literature
D. H. Nguyen et al. ( 2019) – 4 4 – – 4 – – – – – – – – – – – – – 5 – –

Literature – Descriptive Statistics

Sum of Studies 19 16 13 4 4 4 8 4 7 3 3 1 7 5 4 6 7 2 8 18 7 3
Average 4.37 3.75 3.69 4 3.25 2.75 3.63 2.0 3.14 1.67 3.67 4 3.29 3 2.75 3.67 3.86 2.5 3.88 4.61 3 3.33

Median 5 4 4 4 4 3 3.5 2 4 1 3 4 4 4 3 4 4 2.5 4 5 3 3

Expert Interviews

RT1 5 4 4 1 4 – 5 1 1 – 1 5 2 4 1 3 4 – 4 5 2 2
RT2 5 5 4 5 4 – 3 1 1 – – 3 1 1 1 3 2 – 2 4 2 4
RT3 1 5 3 1 3 – 3 1 4 – 2 3 1 1 1 1 4 1 4 5 2 5
RT4 4 5 5 2 4 – 4 1 3 – 2 4 4 3 2 4 5 1 5 5 1 5
RT5 5 5 5 4 2 – 4 2 1 – 4 2 1 4 1 2 5 4 5 5 1 5
LPS1 5 5 3 1 4 – 4 5 1 – 4 2 3 2 1 4 5 2 5 5 1 3
LPS2 5 4 5 4 3 – 4 3 3 – 3 5 3 3 3 5 3 2 3 5 2 3
LPS3 5 4 2 2 3 – 5 1 3 – 1 4 3 3 1 4 5 2 5 5 1 2
LPS4 5 5 3 5 3 – 5 3 5 – 3 3 3 1 3 3 3 1 3 3 1 1
EX1 – – 5 – 5 – – – – – – – – – – 5 5 – 5 – – –
EX2 5 5 5 3 1 – 3 1 3 – 2 3 3 3 1 3 4 1 4 4 1 4

Expert Interviews – Descriptive Statistics

Sum of Interviewees 10 10 11 10 11 – 10 10 10 – 9 10 10 10 10 11 11 8 11 10 10 10
Average 4.5 4.7 4 2.8 3.27 – 4 1.9 2.5 – 2.44 3.4 2.4 2.5 1.5 3.36 4.09 1.75 4.09 4.6 1.4 3.4

Median 5 5 4 2.5 3 – 4 1 3 – 2 3 3 3 1 3 4 1.5 4 5 1 3.5

Customer Survey

In the interest of paper length, we refrain from reporting the individual ratings of all 200customers surveyed.

Customer Survey – Descriptive Statistics

Sum of Customers 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200
Average 4.01 4.18 2.9 3.45 2.86 3.33 4.38 3.48 2.82 2.67 3.56 3.67 3.30 3.31 2.39 2.80 4.17 2.98 4.17 4.37 3.31 3.54

Median 4 4 3 4 3 3 5 4 3 3 4 4 3 3 2 3 4 3 4 5 3 4
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abstract

Online retailers are often unable to offer LM logistics services on a cost-
covering basis due to �erce competition and high price sensitivity. We
investigate by means of an online experiment whether offering innovative
LM logistics services entails additional marketing-related effects that can
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ultimately offset the high costs. Speci�cally, we examine if there is a rela-
tionship between our LM logistics service manipulations and CBBEwhile
taking into account four moderators. For our between-subject, posttest-only
experiment, we recruited 750participants who are randomly assigned to
a control group (CG, receiving only a basic service) and two treatment
groups (TG1, choice between5 advanced services; TG2, BYO service). The
participants shop for running shoes in a mock-up online store before they
are treated with their respective service condition. In a subsequent survey,
we measure each respondent'sCBBE-value and the moderator constructs.
A series of hierarchical regression analyses reveals signi�cant relationships
between the different logistics service levels and CBBE. Speci�cally, cus-
tomers appreciate being offered a wider selection of LM logistics services
that go beyond a standard service so that their individual preferences are
accounted for. However, customers do not appreciate full �exibility (i.e., the
BYO service) as it leads to choice overload effects and additional con�gura-
tion effort. Further, our regression analyses suggest that social demonstrable
function ( SDF) moderates the relationship between our LM logistics ser-
vice manipulations and CBBE, and the analyses tentatively support our
hypotheses that product category and online shopping involvement are
signi�cant moderators. Our research implies that focusing on the costs as-
sociated with offering LM logistics services is myopic. Rather, practitioners
and scholars alike should be aware of the positive effects on CBBE, which
in turn positively impact further �nancial metrics in the long term.

5.1 introduction

Retail e-commerce has been – and still is – expanding rapidly over the
past decade. More recently this trend has been additionally fueled by the
pandemic. For instance, the global market volume of retail e-commerce is
projected to reach $6.17 trillion in 2023, up from the pre-pandemic $ 3.35
trillion in 2019(eMarketer, 2021). In addition, the expectations of receivers
are growing with regards to individualized deliveries, shorter delivery
lead times, a wider range of return options, and narrower delivery or
pickup time windows (McKinsey&Company, 2016). In response to these
increased customer expectations, leading online retailers offer a whole
bouquet of innovative LM logistics services (Morganti & Dablanc, 2014).
These services range from instant or same-day delivery, delivery in a two-
hour time window, and �exible changes to the pickup or delivery location
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or time, to order live tracking, free returns, and climate-neutral deliveries
(Comi et al., 2021).

To use all services customers simply pay a �at fee, the services are
included in a subscription program, or they are offered entirely free of
charge if the order value exceeds a certain threshold. Most of the time, online
retailers have no choice but to offer these services at dumping prices because
competition in the online retail market is �erce and customers are very
price-sensitive with regards to LM logistics services (McKinsey&Company,
2016). At the same time, LM logistics is generally regarded as the most
expensive part in a supply chain, accounting for between 28% and 53%
of the total logistics costs (cf., Business Insider,2021; Y. Wang et al., 2016).
This leads to a large discrepancy between cost and revenue ofLM logistics
services (Cleophas et al.,2014). For instance, according to Accenture (2019),
retailers charge their customers on average US$3 less than what it costs
them to ful�ll an order. Smaller online retailers in particular can often
not afford or do not want to subsidize LM logistics services and pursue
a different strategy: To save costs, they either offer only basic logistics
services – usually via a third-party provider – or pass the full cost on
to their customers. This take-it-or-leave-it strategy might, however, have
negative consequences: Prices that are too high or service offerings that
are not aligned with customers' preferences could have a negative impact
on an online retailer's conversion rate, i.e., the number of shopping cart
abandonments increases and leads to immediate sales losses. Moreover,
these customers could establish a more negative brand image and could
be less likely to return to the store for another purchase. Additionally, the
customers might spread their dissatisfaction through word-of-mouth and
social media, in�uencing other potential customers and discouraging them
to buy from that particular online retailer, which leads to long-term sales
losses.

All these negative effects attribute to a lack of customer-based brand
equity ( CBBE). CBBE is a well-studied latent construct in the marketing
literature and is typically conceptualized along the four dimensions brand
loyalty, perceived quality perception, brand awareness and brand associa-
tions (see, Aaker, 1991; Keller, 1993). A large body of marketing research
has examined the bene�ts that increased brand equity ultimately entails for
a company: Brand equity serves as a market entry barrier for other com-
panies, facilitates the introduction of new products and services, increases
customer loyalty, and boosts sales �gures through price premiums and
larger quantities sold (see, Baldauf et al., 2003; Kapferer, 2008) Moreover,
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these positive effects bene�t all services and products the company offers
under the umbrella of a particular brand name (Sullivan, 1990).

To the best of our knowledge, academic research has not yet examined if
different LM logistics service offerings affect CBBEof a B2C online retail
brand. This is because research activity at the intersection of supply chain
management and logistics (SCML) and marketing has only recently in-
creased, along with the efforts of online retailers to provide their customers
with a seamless and enjoyable experience throughout the entire shopping
process. During the online shopping process, customers are exposed to a
multitude of different stimuli, ranging from website aesthetics, the product
selection and information all the way to security and privacy attributes
(cf., Blut, 2016). Thus, it is by no means certain that a potential CBBE-effect
of an allegedly minor stimulus like the selection of LM logistics services
can be measured at all. It is therefore necessary to explore whether such
a relationship actually exists and, if it exists, we should make an effort to
better understand the underlying mechanisms driving this relationship and
quantify its direction and strength. If we could show that the selection of
LM logistics services is indeed a signi�cant predictor of CBBEthis would
have far-reaching implications: Focusing on the cost and operational effort
of offering sophisticated LM logistics services would then by myopic since
the positive CBBE-effects would also help to balance the �nancial burden
of offering these services in the long term.

The remainder of this paper is structured as follows. In Section 5.2,
we review the relevant extant literature at the interface between logistics
and customer experience/brand equity, and we present the research gap
addressed by this work in more detail. In Section 5.3, we introduce our
conceptual framework and hypotheses. To this end, we contextualize the
CBBEconstruct, which serves as the dependent variable in our experiment,
our LM logistics service manipulations, the moderator variables and the set
of control variables. In Section 5.4, we introduce the experimental design
and present an overview of the participant sample. In Section 5.5, we present
the results of a number of reliability and validity checks. Subsequently, in
Section 5.6, we present and discuss the results of our online experiment.
First, we focus on the main relationship between the different LM logistics
service manipulations and CBBEusing a series of t-tests. We then make use
of hierarchical regression analysis to successively examine the effects of our
control and moderator variables. In Section 5.7, we conclude by highlighting
our key-�ndings, discussing implications of our work for practitioners and
scholars, and presenting an outlook on future research.
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5.2 related work at the interface between logistics and
customer experience / brand equity

Over the past two decades, a respectable number of empirical studies have
examined the in�uence of logistics services on various constructs that are
typically contextualized in the realms of marketing. These studies, which
we summarize in Table 5.1, constitute the body of literature related to this
research. From Table5.1, we see that a large portion of these studies belong
to a literature stream that examines the in�uence of logistics services on
marketing-related constructs in a B2B context. Most of these studies collect
data by means of online or mail surveys sent out to managers in charge
of purchasing or logistics. Subsequently, almost all of the B2B-focused
studies rely on structural equation model ( SEM) to test a hypothesized
model with LSPs as focal objects. In these models, researchers examine the
relationships between various independent variables such as LSP brand
image and awareness (Davis et al.,2008; Juntunen et al., 2011; Świta�a et al.,
2018), service quality (Grant et al., 2014; Huma et al., 2019) value-adding
services (Juga et al.,2018), personal contact quality (Bode et al., 2011) and
information quality/quantity (Golicic et al., 2012), and a marketing-related
construct as the dependent variable. This marketing-related construct is
oftentimes brand equity but there are examples of related or sub-constructs
of brand equity being used as the dependent variable, such as customer
loyalty, retention, satisfaction and trust. Collectively, these B2B-related
studies show that logistics in general and logistics services in particular are
of great importance even beyond their traditional boundaries. Through its
direct in�uence on brand equity, logistics indirectly in�uences future sales
(Srivastava et al., 1991), market share (Daugherty et al., 1998) and customer
loyalty (Innis et al., 1994), and is thus crucial to the long-term success of
the �rm. However, these �ndings from B2B logistics literature cannot be
simply transferred to a B2C context as there are fundamental differences
between the the two.

In fact, research at the interface between B2C (LM ) logistics and mar-
keting or customer experience is fragmented and scarce. This is because
SCML research has focused on commercial buyer-supplier relationships
for decades. It is only the rapid growth of e-commerce in recent years that
has led many �rms – including many retailers – to transform their market
strategies and distribution channels, thus bringing B2C relationships and
LM logistics into focus, both in �rms and in academic research. Yet, online
retailers and partially also scholars from the SCML domain perceive LM lo-
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gistics still too often as pure necessities or cost factors rather than as drivers
of customer satisfaction, loyalty or brand equity. In this regard, the customer
experience literature, and in particular the e-retail experience literature, has
done important groundwork. For instance, the variety of shipping options
and ful�llment-related variables such as timeliness of delivery, order accu-
racy, delivery condition and return handling have been accepted as being
crucial to an enjoyable customer experience and satisfaction (see, Blut,2016;
Blut et al., 2015; R. R. Burke,2002; Dholakia et al., 2010; M. L. Fisher et al.,
2019; Jin et al.,2006). As we can see from Table5.1, researchers have already
started to substantiate these claims with empirical studies: For instance,
Esper et al. (2003) examine the effects of a disclosure of LSP information
on customers' delivery expectations and satisfaction with the purchasing
experience. Boyer et al. (2006) investigate, amongst others, the effects of
perceived (logistics) service quality on customers' behavioral intentions to
use an online grocery delivery service again. Vakulenko et al. ( 2018) study
how customers perceive parcel lockers, which effectively involve the user
in the delivery process, and if they create value to them. Vakulenko et al.
(2019a) �nd that the last mile delivery experience mediates the relationship
between the customer's perception of the online shopping experience and
customer satisfaction. Besides these examples, research onLM logistics
services as antecedents to customer satisfaction, loyalty and brand equity
effects for an online retailer remains scarce. To the best of our knowledge,
no empirical research has examined the in�ucence of innovative and so-
phisticated B2C LM logistics service offerings on CBBE. Thus, in this study,
we make an effort to �ll this gap.
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Table 5 .1: Overview of related work

Study Methodology /
Data Source(s)

Data Analysis
Method(s) Study Context Independent Variable(s) Dependent Variable(s)

bu
si

ne
ss

-t
o-

bu
si

ne
ss

Bode et al. (2011) survey, secondary data hierarchical
regression

truck drivers
of LSPs

personal contact quality,
moderators: customers �rm size,
relationship age, frequency of contact

customer purchase behavior (sales)

Cahill et al. (2010) survey SEM LSPs price-, service-, relational-satisfaction,
moderator: con�ict frequency customer loyalty

Davis et al. (2008) mail surveys SEM logistics services brand awareness and brand image brand equity

Golicic et al. (2012) mail survey SEM LSPs information quantity/quality,
informational advantage brand equity

Grant et al. (2014) online survey SEM LSPs logistics service quality,
mediators: satisfaction, loyalty brand equity

Huma et al. (2019) online survey SEM logistics in general various logistics servicequality variables customer loyalty
(commitment, trust, satisfaction)

Juga et al. (2018) survey SEM customers of a
brewery company

logistics value-adding services,
perceived service quality brand equity

Juntunen et al. (2011) survey SEM LSPs brand awareness and brand image corporate brand equity

Marquardt et al. ( 2011) multiple-methods
incl. interviews, survey

qualitative
evaluation LSPs

company's presented brand,
external brand communications,
customer experience with company

brand equity

Świta�a et al. (2018) online survey,
secondary data SEM LSPs brand awareness and brand image brand equity

Tokman et al. (2012) online and
direct-mail surveys SEM online retailing,

manufacturer brands
various logistics and
brand-related resources retailer's perceptions of customer loyalty

Wallenburg ( 2009) survey SEM LSPs

proactive cost/performance improvement
within an outsourcing relationship,
moderators: scope and complexity of service,
length of contract period

customer loyalty
(retention, extention, referral)

Wallenburg et al. ( 2011) survey SEM,
multi-group analysis LSPs

proactive cost/performance improvement
within an outsourcing relationship,
moderator: dynamism of the customer's market

customer loyalty
(retention, extention, referral)

bu
si

ne
ss

-t
o-

co
ns

um
er

Baker et al. (2010) �eld experiment general linear
modeling

ancillary services
for mobile phones branding, price, ancillary services brand equity (price sensitivity, demand)

Boyer et al. (2005) survey-based
case studies

hierarchical
regression

online grocery
retailing eBusiness-, product-, service-quality customer behavioral

intentions of repurchase

Boyer et al. (2006) survey ANOVA,
multiple regression

online grocery
retailing

customer experience with
online grocery shopping

customer perceptions of service quality,
product quality, product freshness,
time savings, behavioral intentions

Esper et al. (2003) computer laboratory
experiment MANOVA online retailing disclosure/choice of carrier,

purchase criticality
delivery expectations,
satisfaction with the purchasing experience

Ramanathan (2011) online customer
ratings

OLS
regression online retailing performance in handling product returns,

moderator: risk characteristics of products customer loyalty

Rios et al. (2010) survey among students SEM online companies customer service, ful�lment, functionality brand equity
(awareness, loyalty, trust-, value-associations)

Vakulenko et al. (2018) focus groups,
grounded theory – online retailing parcel lockers customer value

Vakulenko et al. (2019a) survey mediation
analysis online retailing perception of the online shopping experience,

mediator: last mile delivery experience customer satisfaction

This study online experiment hierarchical
regression

online retailing,
running shoes

innovative and sophisticated LM
logistics service offerings customer-based brand equity

5.3 conceptual framework and hypotheses

In this section, we �rst introduce the conceptual framework which forms
the basis for our subsequent behavioral online experiment (see, Section
5.3.1). Based on this framework, we then develop a set of hypotheses
which describe the relationship between the offering of various LM logistics
services andCBBE, taking into account a number of moderating and control
variables (see, Section5.3.2).

5.3.1 Overview of the Conceptual Framework

In Figure 5.1, we present an overview of our conceptual framework. In
the �rst step of our analysis, we examine the main relationship between
a set of LM logistics service portfolios (i.e., the independent variable in
our experiment) and CBBE (i.e., the dependent variable). The concept of
CBBE is one of the most intensively and substantially studied concepts
in the marketing literature. Yet, the literature on brand equity is largely
fragmented and inconclusive (see, Berthon et al., 2001; Christodoulides
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et al., 2010). We therefore provide a brief overview of the concept of brand
equity in Section 5.3.2.1. Here, we also explain how we operationalize and
measure brand equity within this study.

To investigate the in�uence of LM logistics services on CBBE, we de�ne
three experimental groups – one CG and two TGs. Study participants
assigned to the CG receive only a basic logistics service and they have no
additional delivery options to choose from. Participants in the two TGs are
exposed to more advanced LM service offerings: They can either choose
from a set of �ve different LM logistics services or they are treated with a
BYO service where they are free to choose which service level they prefer.
We explain these basic and advanced service options in more detail in
Section 5.3.2.2. Moreover, we de�ne a set of three main hypotheses (H 1a,
H1b and H1c), in which we propose signi�cant differences among the two
TGs and the CG in terms of their CBBE-level. To assess these hypotheses
statistically we perform a set of t-tests (see, Section5.6.1). If we could indeed
reveal a signi�cant in�uence of LM logistics services on CBBEthis would
additionally entail positive effects on a number of �nancial �rm metrics,
which have been examined by previous research (see, right hand side of
Figure 5.1 and Section 5.3.2.1).

In the second step of our analysis, we analyze the moderating effects
of four latent constructs from two overarching categories on the main
relationship between LM logistics services and CBBE. The involvement
category comprises the two constructs i) product category involvement
and ii) online shopping involvement, while the brand relevancecategory
includes the two constructs i) brand relevance in category ( BRiC) and ii)
social demonstrable function (SDF). For these four effects, we hypothesize
H2 through H 5, which we describe in more detail in Section 5.3.2.3. To
assess these hypotheses statistically we perform a hierarchical multiple
linear regression analysis (see, Section5.6.2).

Finally, we control for the effects of a number of additional variables,
which include demographic variables, the participants' prior online shop-
ping experience as well as a set of variables describing their personality and
attitude. We go into detail about these control variables in Section 5.3.2.4.

5.3.2 Hypothesis Development

5.3.2.1 Dependent Variable: CBBE

The dependent variable in our model is customer-based brand equity
(CBBE), which looks at brand equity from a customer's perspective and
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Figure 5 .1: Conceptual Framework

has been the subject of scholarly investigation for decades. Prior research
has established positive direct and indirect effects of brand equity, amongst
other, on future sales (see, e.g., H.-B. Kim et al., 2003; Srivastava et al.,
1991), market share (see, M. K. Agarwal et al., 1996), price inelasticity (see,
Erdem et al., 2002), �rm (stock market) value (see, e.g., Aaker et al., 2001;
Barth et al., 1998; Kerin et al., 1998), �rm pro�tability (see, Baldauf et al.,
2003) and cost of capital (see, e.g., Fischer et al.,2017; Himme et al., 2014;
Rego et al., 2009; Singh et al., 2005). While the extant literature largely
agrees on the bene�ts of strong equity brands, there is a plethora of diverse
de�nitions, conceptualizations, and perspectives related to brand equity
(Christodoulides et al., 2006). To structure the concept of brand equity,
Schultz (2003) proposes a continuum with the �nancial value of a brand
on the one end and its psychological value on the other. This spectrum is
implicitly accounted for in a frequently cited de�nition which proposes
that brand equity is "a set of brand assets and liabilities linked to a brand,
its name and symbol, that add to or subtract from the value provided by
a product or service to a �rm and/or to that �rm's customers" (Aaker,
1991, p.12). As this de�nition shows, we can analyze brand equity on two
levels, speci�ed by the two bene�ciaries of brand value: �rm and customer.
Marketing scholars have mainly focused on the latter, i.e., on CBBE, because
the customer-based approach allows to study customer behavior and to
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cast the insights gained into an actionable brand strategy (cf., Keller, 1993).
As a result, we can draw on an extensive body of literature comprising
conceptualizations (see, e.g., Aaker,1991; Erdem et al., 1998; Keller, 1993)
and measurements of CBBE(see, e.g., Ailawadi et al., 2003; Netemeyer et al.,
2004; C. S. Park et al.,1994; Vázquez et al., 2002; Veloutsou et al., 2013;
Washburn et al., 2002; Yoo et al., 2001). For more detailed perspectives on
brand equity, we refer the reader to the review works of Christodoulides
et al. (2010) and Baalbaki et al. (2016).

Speci�cally, in this study, we adopt a conceptualization of CBBE that
traces back to the seminal papers of Aaker (1991), Dubin ( 1998), Farquhar
(1989), Keller (1993), and Leuthesser (1988) and has its theoretical roots in
cognitive psychology. According to this conceptualization, CBBEis de�ned
as "the marketing effects or outcomes that accrue to a product with its
brand name compared with those that would accrue if the same product
did not have the brand name" (Ailawadi et al., 2003, p.1). Further, CBBE
is based on customer perceptions as re�ected in the four dimensions of
i) brand loyalty, ii) perceived quality, iii) brand awareness and iv) brand
associations (see, Aaker,1991, p.15). In this study, we de�ne brand loyalty
as the "tendency to be loyal to a focal brand, which is demonstrated by
the intention to buy the brand as a primary choice" (Yoo et al., 2001, p.3).
We thus conceptualize brand loyalty based on an attitudinal perspective
(i.e., intentions to be loyal) rather than a behavioral perspective (i.e., actual
loyalty as re�ected in purchase decisions) (cf., Pappu et al., 2007). Second,
perceived quality is de�ned as a "customer's perception of the overall
quality or superiority of a product or service with respect to its intended
purpose relative to alternatives" (Aaker, 1991, p.85). Third, brand awareness
is de�ned as the "ability of a potential buyer to recognize or recall that
a brand is a member of a certain product category" (Aaker, 1991, p.61).
Last, a brand association is de�ned as "anything linked to the memory of a
brand" (Aaker, 1991, p.109). In their seminal work, Yoo et al. ( 2001) have
developed and validated a scale that capitalizes on this four-dimensional
conceptualization of CBBE. In this study, we use a slightly adapted version
of this multi-dimensional brand equity ( MBE) scale, which measuresCBBE
with the help of 13 items that load on three factors (loyalty, perceived quality
and awareness/associations). Note that we provide detailed descriptions
of all scale items in Table 5.8 in Supplement 5.8.1. To allow for robustness
checks of our model, we additionally measure CBBEusing the alternative
overall brand equity ( OBE) scale, also developed by Yoo et al. (2001), and
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we measure the attitude towards the brandconstruct using a three-item scale
adapted from Simonin et al. ( 1998) (see, Table5.8 in Supplement 5.8.1).

5.3.2.2 LM Logistics Services

Let us �rst introduce some basic nomenclature, which will help us under-
stand how we investigate the in�uence of LM logistics services on CBBE:
A service portfoliocomprises all LM logistics servicesthat a particular online
retailer offers to their customers. In turn, any LM logistics servicecan be
characterized by a number of service attributes. For instance, a No Rush
service is, amongst others, characterized by itsdelivery time(see, Table5.3).
Finally, a service attributecomprises a number of well-de�ned attribute levels.
For instance, there are three levels associated with thedelivery timeattribute:
i) a fast same daydelivery , ii) the standarddelivery ( 2-5 business days), and
iii) a slow no rushlevel (5-7 business days) (see, Table5.2).

In this research, we selected a total of six service attributes, which we
introduce in Table 5.2. As we can see, each of the �ve core attributes
comprises two to three attribute levels. The priceattribute takes on a special
role as it is not inherently associated with LM logistics, yet the price plays
an important role for customers when selecting LM logistics services. This
is because the price attribute constitutes the counterpart of the logistics
services and completes the service level-price trade-off. Thus, the price
ensures that the customers do not simply choose the best level for each
service attribute. Consequently, the price varies with the service level and
consists of two integral parts: i) a �xed base fee of $ 4, and ii) an additional
dynamic fee that depends on the chosen service level.

Table 5 .2: Overview of LM logistics service attributes and corresponding levels

Attribute Attribute Levels

Attribute Level 1 Attribute Level 2 Attribute Level 3

Delivery Time Same day (if ordered by 3 pm)
or next day [+$ 3]

Standard (2-5 business days)
[$0]

No rush ( 5-7 business days)
[-$2]Choose when your parcel

will arrive.

Delivery Location Any address
(home, work, etc.) [$0]

Collect in our partners' stores
(all major grocery chains)
or from parcel locker [-$ 2]

–
Choose where your parcel
will be delivered.

Delivery Time Window Choose3 h time slot
between 6 am and 9 pm [+$1]

No time window delivery [$ 0] Not applicable
(for collect-in-store option) [$ 0]Not at home during the day?

Choose your preferred time slot.

Sustainability 100% carbon offset:
We plant a tree for every 10

customers who opt for this [+$ 2]

No carbon offset [$0] –
If you go green,
we plant a tree.

Parcel Return Parcel return included
[+$1]

Parcel return would come at an
extra charge of $4 [$0]

–
Unsure about the size or style?
Have your running shoes
be picked up from home.

Price Base fee of $4 which will be adjusted depending on the selected service levels (values given in brackets).
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We speci�cally selected the �ve LM logistics service attributes from Table
5.2 and the priceattribute as building blocks for speci�c LM logistics service
offerings because they have consistently been ranked as most important to
e-commerce customers in previous research. For instance, there are three
noteworthy studies within the academic literature that use conjoint analysis
to quantify the in�uence of various logistics services on e-commerce cus-
tomers' purchasing decisions (see, Bergmann et al.,2021; Gallino et al., 2019;
D. H. Nguyen et al., 2019). Moreover, an abundance of practitioner-oriented
sources, such as reports prepared by consulting �rms, market research
institutes and retail associations, strike the same note and con�rm that
these six attributes matter most to customers when shopping online (see,
e.g., Capgemini Research Institute,2019; MetaPack, 2021; Pricewaterhouse
Coopers GmbH, 2018; UPS,2019).

Based on the six service attributes and their respective attribute levels, we
craft �ve distinct LM logistics services, which we present in Table 5.3. These
services are inspired by common real-world services that online retailers
offer to their customers. In a next step, we design service portfolios which
are made up of combinations of these services. In doing so, we can expose
our three experimental groups to different service levels: Study participants
assigned to the CG serve as the baseline and have no delivery options to
choose from as their service portfolio solely contains the Basicservice from
Table 5.3. Participants in TG1 are exposed to a more sophisticated service
portfolio and they can choose from all �ve LM logistics services presented
in Table 5.3. Finally, individuals in TG2, which we also refer to as the
BYO group, can freely choose their preferred level for each attribute from
Table 5.2 resulting in 36 possible combinations and giving them maximum
�exibility.

Table 5 .3: Overview of LM logistics services

Attribute LM Logistics Service with Corresponding Attribute Levels

Basic Express No Rush Green Flexible

Delivery Time Standard (2-5 business days) Same day (if ordered by 3 pm)
or next day

No rush ( 5-7 business days) Standard (2-5 business days) Standard (2-5 business days)
Choose when your parcel
will arrive.

Delivery Location Any address
(home, work, etc.)

Any address
(home, work, etc.)

Collect in our partners' stores
(all major grocery chains)

or from parcel locker

Any address
(home, work, etc.)

Any address
(home, work, etc.)Choose where your parcel

will be delivered.

Delivery Time Window No time window delivery No time window delivery Not applicable No time window delivery Choose3 h time slot
between 6 am and 9 pmNot at home during the day?

Choose your preferred time slot.

Sustainability No carbon offset No carbon offset No carbon offset 100% carbon offset:
We plant a tree for every

10 customers who opt for this

No carbon offset
If you go green,
we plant a tree.

Parcel Return Parcel return would come at an
extra charge of $4

Parcel return would come at an
extra charge of $4

Parcel return would come at an
extra charge of $4

Parcel return would come at an
extra charge of $4

Parcel return included
Unsure about the size or style?
Have your running shoes
be picked up from home.

Price $4 $7 $0 $6 $6
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In the following, we propose our three main hypotheses. In this set of
one-sided hypotheses, we compare theCBBE-values for each of our three
experimental groups. Our hypotheses re�ect the following rationale: As
the number of LM logistics services that the customers can choose from
grows and the more �exibly they can choose the service attribute levels, the
higher their CBBE-value will be. For instance, we believe that the customers'
individual service preferences can be better satis�ed when offering them a
portfolio of �ve LM logistics services (TG1) or even allowing them to build
their own service ( TG2) in comparison to following the "one service �ts all"
approach (CG). We therefore propose the following three hypotheses.

H 1a. TheCBBE-value is higher on average for individuals who are treated with
a portfolio comprising �ve advancedLM logistics services (TG1) than it is for
individuals who cannot choose and receive only thebasic service (CG).

H 1b. TheCBBE-value is higher on average for individuals who can �exibly build
their ownLM logistics services (TG2) than it is for individuals who cannot choose
and receive only thebasic service (CG).

H 1c. TheCBBE-value is higher on average for individuals who can �exibly build
their ownLM logistics services (TG2) than it is for individuals who are treated
with a portfolio comprising �ve advanced LM logistics services (TG1).

5.3.2.3 Moderator Variables

In the following, we de�ne additional hypotheses which examine the moder-
ating role of four constructs from the two overarching categories involvement
and brand relevance. To this end, we �rst state for each moderator how it
is de�ned and argue why we believe it moderates the proposed main ef-
fect between LM logistics services and CBBE. We then go on with a brief
description of the scale we use to measure the moderator variable and
discuss arguments for positive and negative directions of the hypothesized
moderating effect.

involvement Involvement is generally regarded as a construct that is
linked to the interaction between an individual and an object or activity.
As such, involvement refers to the relative strength of a customer's cog-
nitive structure to the focal object or activity (O'Cass, 2000). Involvement
is in general conceptualized as enduring in nature, and it is argued that
characteristics of the environment and temporary or situational changes
encountered by a customer do not directly affect the customer's involve-
ment level (C.-F. Chen et al.,2008). While the consumer behavior literature
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describes different types of involvement (see, e.g., Houston et al., 1978;
Zaichkowsky, 1985), we are most concerned about product category and
activity involvement in this study. Thus, following Zaichkowsky ( 1985), we
de�ne involvement as the degree to which a person perceives an object
representing a product category (i.e., running shoes) or an activity (i.e.,
online shopping) to be relevant based on inherent needs, values, and inter-
ests. When customer involvement is high they are likely to actively engage
in cognitive thoughts about the merits of this product or activity. On the
other hand, when customer involvement is low, they are not engaged in
extensive product- or activity-relevant thinking and rely more on super�cial
aspects (Petty et al.,1983). A customer's product involvement has been
found to affect the entire nature of the decision process of that customer's
purchasing behavior and customers are likely to display attitudinal loyalty
for high-involvement purchases (Knox et al., 2003). In line with this, product
and online shopping involvement both have been repeatedly shown to be
moderating effect relationships between constructs that are closely related
to CBBE, such as attachment, attitudes and loyalty towards a brand, are
the dependent variables (see, e.g., C.-F. Chen et al., 2008; L. W. Johnson
et al., 2000; M. Park et al., 2018; Swoboda et al., 2009). Hence, in this study,
we hypothesize the levels of a customer's product and online shopping
involvement to moderate the relationship between LM logistics services
and CBBE:

H 2. Product category involvement serves as a moderator of the relationships
betweenLM logistics services andCBBEwhich we propose in H1a, H1b and H1c.

H 3. Online shopping involvement serves as a moderator of the relationships
betweenLM logistics services andCBBEwhich we propose in H1a, H1b and H1c.

In this study, we operationalize product category involvement and online
shopping involvement through four items adapted from Yoo et al. ( 2001)
(see, Table5.8 in Supplement 5.8.1). While we believe that the main rela-
tionship between the LM logistics services and CBBEis strictly positive, i.e.,
more sophisticated and �exible LM logistics services lead to higher CBBE
(note the one-sided hypotheses H1a,H1b and H1c), it is conceivable that the
moderating effects could either be positive or negative (note the two-sided
hypotheses H2 and H3). For a detailed discussion about the moderating
effects of the involvement construct we refer the reader to Swoboda et al.
(2009).

With regards to product category involvement, we can �nd arguments
for a positive moderating effect: It is imaginable that the excitement to-
wards the product category in highly involved customers spills over to the
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ancillary services (i.e., LM logistics services). Hence, we can argue that high-
involvement customers would also want the product to be shipped fast,
�exibly and sustainably and that they would implicitly value (in terms of ad-
ditional CBBE) advanced LM logistics services more than low-involvement
customers would do. However, we can also argue for a negative moderating
effect: High-involvement customers focus their cognitive capacity entirely
on the product itself and ancillary logistics services tend to stay in the
background. For these individuals it is important that their favorite product
is shipped at all and not so much how(fast, �exible, etc.) it is shipped. Thus,
high-involvement customers would value advanced logistics services in
terms of CBBEless than low-involvement customers who lay their cogni-
tive focus on services or aspects centered around the main product (e.g.,
logistics, payment options, packaging, etc.).

Similarly, with regards to online shopping involvement, we can �nd
arguments for both positive and negative moderating effects as well. High-
involvement individuals attach great importance to the online shop itself
and the services that are offered by the shop. Since they focus their attention
on the details around the shop they are also likely to appreciate advanced
LM logistics services, which translates into higher CBBE. On the contrary,
low-involvement individuals are somewhat more numb with regards to the
online shop and the services it offers resulting in lower CBBEcompared to
highly involved customers. However, it is also possible to argue the other
way round and propose a negative moderating effect: A highly involved and
experienced online shopper is more dif�cult to be excited by a new online
shop (like the one in our online experiment) and the logistics services
it offers. These individuals expect a selection of sophisticated services
and, thus, the effects on CBBEmight be smaller than for low-involvement
customers.

brand relevance The extant literature has shown that the favorability
and strength of brand associations are important sources of CBBE(Keller,
1993, see, e.g., ). Even though two brands from two product categories may
be similar in terms of associations, they may not necessarily be equally
important to customers. The importance of a brand does not only depend
on the favorability and strength of brand associations but also on the extent
to which these associations ultimately in�uence customer decision making
(Fischer et al.,2010). BRiC is a construct that measures such differences in
the role of brands in customer decision making. Fischer et al. ( 2010) de�ne
BRiC as the extent to which the brand in�uences customer decision making
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relative to other decision criteria (e.g., purchase convenience, price). Hence,
BRiC focuses on the product category and it does not vary across brands
within a product category.

Further, the concept of BRiC can be closely connected to the construct of
SDF. When brands are relevant in a buying decision, the customer often
expects the brand to provide intangible bene�ts or ful�ll a certain function.
One of these functions that has been widely discussed in the literature is
the social demonstrance function (see, e.g., Kapferer,2008; Keller, 2012;
Mitchell et al., 1996). SDFimplies that brands serve as symbolic devices that
allow individuals to project their self-image (Levy, 1959). Through brands,
individuals can either communicate intrinsic values (e.g., self-expression)
or extrinsic values (e.g., prestige) with their social surroundings (Grubb
et al., 1967). Self-enhancement theory (Shrauger,1975) and self-congruity
theory (Sirgy, 1982) help explain how and why customers strive for these
symbolic bene�ts of brands: Through the purchase of certain products that
serve as social symbols, customers aim at preserving and enhancing their
self-concept. In other words, individuals use brands to communicate to
others the type of person they would like to be (see, Belk, 1988; Escalas et al.,
2005). Speci�cally, they use brands as status symbols or as means to signal
group membership (Fischer et al., 2010). Important factors in�uencing the
use of brands as status symbols are, on the one hand, cultural norms and
traditions, and, on the other hand, visibility which highly depends on
product category.

Brand relevance constructs have been repeatedly shown to be moderating
relationships between two constructs (see, e.g., Johnen et al.,2020; Schnittka,
2015). Hence, in this study, we hypothesize the levels of BRiC and SDF to
moderate the relationship between LM logistics services and CBBE:

H 4. BRiC serves as a moderator of the relationships betweenLM logistics services
and CBBE which we propose in H1a, H1b and H1c.

H 5. SDF serves as a moderator of the relationships betweenLM logistics services
and CBBE which we propose in H1a, H1b and H1c.

In this study, we operationalize BRiC and SDF each through four items
measured on �ve-point Likert scales as proposed by Fischer et al. ( 2010) (see,
Table 5.8 in Supplement 5.8.1). Again, it is conceivable that the moderating
effects are either positive or negative (note the two-sided hypotheses H 4
and H5).

With regards to BRiC, we can �nd arguments for a positive moderating
effect: High-BRiC customers attach great importance to the brand of the
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main product category (i.e., running shoes). In other words, the brand
very much in�uences their purchase decisions. A reason for this is the
risk reduction function of BRiC (see, Fischer et al.,2010). Customers form
expectations about bene�ts of the brand based on what they know about
the brand in terms of speci�c characteristics and overall quality and, thus,
reduce the subjective risk of making a purchase mistake (e.g., Kapferer
2008; Keller 2008). Once these high-BRiC customers have made a purchase
decision they might also want to reduce the risk associated with the product
delivery. Thus, a wide selection of �exible LM delivery services (e.g., time
window delivery and a generous return policy) helps high- BRiC customers
more than low- BRiC customers to reduce the (perceived) risk of failed
delivery attempts and of not being able to return the product in case the
purchase decision still turns out to be a mistake. However, we can also
argue for a negative moderating effect: The brand strongly in�uences the
purchase decisions of high-BRiC customers since it helps them making
a low-risk and – importantly – fast decision without spending to much
time on comparing product details. Therefore, it is legitimate to assume
that these customers would like to make the entire purchasing process as
ef�cient as possible (including the selection of LM logistics services). Thus,
high-BRiC customers tend to appreciate complex LM logistics services less
than low-BRiC customers.

Similarly, with regards to SDF, we can �nd arguments for both positive
and negative moderating effects. High- SDF customers attach great impor-
tance to ancillary services like LM logistics services as these services can
help them to further enhance their self-concept and communicate it to their
environment beyond the social demonstrance bene�ts of the product itself.
High- SDF customers appreciate a more sustainable/more �exible/faster
delivery of their running shoes more than low- SDF customers do because
these attributes correspond well with their personal values (e.g., sustainabil-
ity), which they can then verbally communicate to their social surroundings.
However, it is also possible to argue the other way around and propose a
negative moderating effect: It is important for people who rank high on
SDF to communicate to their social surroundings that they own a certain
brand product (e.g., a running shoe from a certain brand). Their focus
might however lie on the product itself rather than on the ancillary services
since the social demonstrance function of a brand highly depends on the
visibility to others which is obviously given for a product like a running
shoe but less so for an intangible service like a LM logistics service. Thus,
these services might play only a subordinate role for high- SDF customers.
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On the contrary, for low- SDF customers, the symbolic bene�ts of a certain
brand product are marginal since they use brands hardly as status symbols
or to communicate their self-concept. For these customers, it might thus
be more important to be able to choose from a wide range of innovate LM
logistics services and they honor this implicitly by rewarding the shop with
higher CBBE.

5.3.2.4 Control Variables

De�ning control variables that are likely to covary with the hypothesized
independent variables is an important element when designing any empiri-
cal study (Nielsen et al., 2018). If the control variables are not adequately
accounted for, both the elucidation of causal inference as well as the ex-
planatory power of the model are limited (see, Pedhazur et al., 2013; Stone-
Romero, 2009). To avoid threats to valid inferences and, thus, to correctly
determine to what extend the independent variables behave in accordance
with our hypotheses, we de�ne a set of variables that we use as controls in
our experiment.

The control variables used in this study include typical socio-economic
and demographic variables such as gender, age, education level, household
size and the location of home (rural/urban). Moreover, we control for
the participants' satisfaction with their prior online shopping experience
operationalized through a single item ("Overall, how satis�ed are you with
your online shopping experience over the past 12 months?") measured on
a �ve-point Likert scale with anchors "extremely satis�ed" and "extremely
dissatis�ed". Finally, we control for three constructs that are closely related
to the participants' personality and attitude. These include their political
orientation, their belief in climate change caused by humanity and their
patience level. For more detailed information about how we operationalize
and measure these constructs, we refer the reader to Table5.8 in Supplement
5.8.1.

5.4 experimental design and sample overview

In this section, we introduce the design and sample of our online experiment.
To this end, in Section 5.4.1, we �rst describe the experimental approach we
chose and the procedure that all study participants had to go through. In
Section5.4.2, we give an overview of our participant sample and recruitment
approach.
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5.4.1 Approach and Procedure

For our online experiment, we chose a between-subject, posttest-only design,
i.e., each respondent is exposed to only one treatment condition and only a
post-treatment measure (of CBBE) is taken on each group (see, Campbell
et al., 1963; Malhotra et al., 2007). Further, the experiment participants are
randomly assigned to one of the three experimental groups, i.e., CG, TG1
or TG2 (see, Section5.3.2.2). The experiment procedure that all respondents
had to follow consists of three consecutive parts: i) an introductory survey,
ii) an online shopping experience (including the experimental treatment),
and iii) a construct measurement survey.

In the introductory survey, we �rst present the requirements for partici-
pation (e.g., good command of English, located in the USA, accessing the
study via a laptop or desktop computer). We then ask some questions about
the respondents' past online shopping experience, including their online
shopping involvement (see, Table 5.8 in Supplement 5.8.1) and satisfaction
(see, Section5.3.2.4) as well as their online shopping basket abandonment
frequency. Next, we introduce the arti�cial online purchasing situation to
the participants using a vignette. A vignette is a "short, carefully constructed
description of a person, object, or situation, representing a systematic com-
bination of characteristics" (Atzmüller et al., 2010, p. 128). The vignette
triggers the product need and constrains the product information search of
the buyer (Aguinis et al., 2014). According to the vignette, the participants
should imagine they needed new running shoes for a running competition
and when doing some online research they come across a promising online
shop named Shoe Spot(see, Figure 5.4 in Supplement 5.8.2). Finally, we
introduce Shoe Spotas a brand in detail and provide background knowledge
(see, Figure5.5 in Supplement 5.8.2) before the participants are forwarded
to the mock-up Shoe Spotonline store.

We selected a running shoe as the stimulus and focal product for which
the LM logistics service represents the the ancillary service since it is a
medium-cost, medium-replacement cycle, medium-term experience good
(cf., Yoo et al., 2001). An experience good is a product that customers must
actually experience, through consumption or purchase, to judge its quality
(Nelson, 1974). At the same time, for the average customer, a running
shoe lies in the center of the Vaughn grid spanned by the two dimensions
"utilitarian vs. hedonic considerations" and "low vs. high involvement"
(see, Vaughn,1980, 1986). In this way, we ensure that our �ndings will be
generalizable and the respondents' LM logistics service preferences will
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only minimally be distorted by the underlying product. For instance, one
can imagine that the logistics service preferences might be different for
high-cost, high-involvement, hedonic products, such as �at-screen TVs, and
for low-cost, low-involvement, utilitarian products, such as toothpaste (see,
Dhar et al. (2000) and Overby et al. (2006)).

Having accessed theShoe Spotonline store, the participants go through
an entire online shopping process: They familiarize themselves with the
website and browse through some of the approximately 120different models
we offer in the mock-up store. They eventually �nd a model they like, choose
the correct size and add it to their shopping cart. Once they are ready, the
participants are directed to the checkout page. Here, the randomization
takes place in the backend of the website and the participants are confronted
with the LM logistics services corresponding to their experimental group
(see, Section5.3.2.2). Note that we provide three screenshots in Figures 5.6
through 5.8 in Supplement 5.8.3 for the reader to gain an impression how
the mock-up online store looks like.

In the construct measurement survey, we measure the main dependent
variable, i.e., CBBE operationalized through the 13 item MBE-scale (see,
Section 5.3.2.1), as well as a number of related constructs (i.e., OBE, net
promoter score (NPS) and attitude towards the brand) which we use for sub-
sequent robustness checks of our model. Next, we measure the moderator
constructs (see, Section5.3.2.3) and we record the answers to a series of
manipulation check questions (see, Section5.5). Finally, we measure the
control variables, which include the personality and attitude questions and
a set of demographic questions (see, Section5.3.2.4).

5.4.2 Recruitment of Participants and Sample Statistics

We recruited our survey participants via the crowdsourcing platform AMT
in July 2021. Over the past years, AMT has become a very frequently
used online data collection method due to a couple of bene�ts compared
to research conducted using more traditional samples. These include (i)
the access to a large and diverse participant pool, (ii) the ease of access
and speed of data collection, (iii) reasonable cost, and (iv) the �exibility
regarding the research design choice (Aguinis et al., 2021). If a number of
best-practice recommendations are followed, the data collected through
AMT are reliable and indistinguishable from laboratory data with regards
to data quality (see, Aguinis et al., 2021; M. Buhrmester et al., 2011; M. D.
Buhrmester et al., 2018). AMT has been used to collect data for scenario-
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based experiments published in leading management journals, such as
Academy of Management Journal (see, Burris et al., 2017; Desai et al.,2017).
To ensure high data quality, we implement – among other measures –
attention checks, IP-address tracking and response time tracking (cf., Abbey
et al., 2017; Bowling et al., 2016; Curran, 2016; DeSimone et al.,2015; Meade
et al., 2012).

In total, we received 750 fully completed surveys, i.e., 250 surveys per
experimental group. After excluding participants due to i) failed attention
checks, ii) inconsistent answering behavior, iii) unrealistically fast comple-
tion times of the survey or parts of it, and iv) failure to ful�l the require-
ments for participation (e.g., participant not based in the USA, accessing
the survey using a smartphone, identical IP addresses of two responses),
we were left with 603valid respones. In Table 5.4 we provide an overview
of the main demographic attributes of our valid sample and broken down
by experimental group.
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Table 5 .4: Demographic pro�le of the sample

Overall CG
(Basic)

TG 1
(5 Bundles)

TG 2
(BYO)

n % n % n % n %

Gender
Female 322 53.4 129 59.7 102 52.8 91 46.9
Male 275 45.6 87 40.3 88 45.6 100 51.5
Other 3 0.5 0 0.0 2 1.0 1 0.5
Prefer not to say 3 0.5 0 0.0 1 0.5 2 1.0
Total 603 100.0 216 100 193 100 194 100

Age
Below 20 4 0.7 1 0.5 0 0.0 3 1.5
20 to 29 124 20.6 37 17.1 33 17.1 54 27.8
30 to 39 223 37.0 94 43.5 66 34.2 63 32.5
40 to 49 113 18.7 40 18.5 37 19.2 36 18.6
50 to 59 69 11.4 26 12.0 27 14.0 16 8.2
60 to 69 36 6.0 8 3.7 17 8.8 11 5.7
70 or above 13 2.2 5 2.3 5 2.6 3 1.5
Prefer not to say 21 3.5 5 2.3 8 4.1 8 4.1
Total 603 100.0 216 100.0 193 100.0 194 100.0

Education Level
Less than high school degree 2 0.3 2 0.9 0 0.0 0 0.0
High school graduate or equivalent 49 8.1 18 8.3 13 6.7 18 9.3
Technical or occupational certi�cate 14 2.3 9 4.2 4 2.1 1 0.5
Some college coursework completed

or associate degree
156 25.9 49 22.7 54 28.0 53 27.3

Bachelor's degree 277 45.9 108 50.0 82 42.5 87 44.8
Master's degree 87 14.4 23 10.6 35 18.1 29 14.9
Advanced degree (e.g., PhD)

or professional (law, medical, dental, etc.)
16 2.7 7 3.2 4 2.1 5 2.6

Prefer not to say 2 0.3 0 0.0 1 0.5 1 0.5
Total 603 100.0 216 100.0 193 100.0 194 100.0

Household Size
1 111 18.4 39 18.1 36 18.7 36 18.6
2 166 27.5 62 28.7 51 26.4 53 27.3
3 131 21.7 52 24.1 40 20.7 39 20.1
4 133 22.1 48 22.2 38 19.7 47 24.2
5 47 7.8 13 6.0 19 9.8 15 7.7
6 12 2.0 1 0.5 7 3.6 4 2.1
> 6 3 0.6 1 0.5 2 1.0 0 0.0
Total 603 100.0 216 100.0 193 100.0 194 100.0

Location of Home
Urban area (cities, suburbs, large towns) 460 76.3 158 73.1 142 73.6 160 82.5
Rural area (incl. villages, small and medium towns) 143 23.7 58 26.9 51 26.4 34 17.5
Total 603 100.0 216 100.0 193 100.0 194 100.0

5.5 checks

In this section, we brie�y discuss the results of a number of checks we
performed to ensure reliability (see, Section 5.5.1) and validity (see, Section
5.5.2) of the scales used throughout this study. To this end, in Table 5.5,
we present a zero-order matrix with reliabilities (Cronbach's a) for all
multi-item constructs running in the diagonal, and mean and standard
deviation in separate columns. Note that we report Pearson correlation
coef�cients in Table 5.5 but we also calculated Spearman rank correlation
coef�cients for all constructs measured on categorical and ordinal scales
(i.e., gender, education level, location of home, experimental condition).
When comparing the Spearman rank correlation coef�cients to the Pearson
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correlation coef�cients we realized that the differences were marginal and
that there were no differences in signi�cance levels.

5.5.1 Reliability

To check the internal consistency reliability, we determined the homogeneity
of items by calculating Cronbach's a for each multi-item construct. To this
end, we averaged responses within each subscale resulting in the overall
measures ofproduct category involvement, online shopping involvement, BRiC,
SDF, attitude towards the brand, OBE and MBE. As we can see from Table
5.5, the a-values range between 0.811 and 0.946 and lie well above the
conventional threshold of 0.7indicating that the scales had excellent internal
consistency (Nunally et al., 1978). Moreover, the means, standard deviations,
and a-values are comparable to those obtained in previous studies (see,
Table 5.8 in Supplement 5.8.1 for references).

Additionally, we conducted con�rmatory factor analysis ( CFA) to con-
�rm discriminant reliability for the three factors (quality, loyalty, aware-
ness/associations) of the MBE-scale, the only multi-factor scale used in
this study. The suitability of the data for CFA was established through
the Bartlett's Test of Sphericity ( c2 = 4988.709, p < 0.01, d f = 78), the
Kaiser-Meyer-Olkin measure ( KMO ) (0.915) and the measure of sampling
adequacy (MSA) (> 0.5 for all items). Applying the conventional criterion
for adding an additional factor that the eigenvalue lies above 1.0 (Kaiser,
1960), our CFA using varimax rotation extracts the same three factors for
the MBE scale as reported in Yoo et al. (2001) and these factors account for
71.509%of the overall variance in all items, which is considered suf�cient
(see, DeVellis, 2016; Hair et al., 2014). We can thus con�rm discriminant
reliability of the MBE-scale.

5.5.2 Validity

The internal validity of an experiment is given when the variation in the de-
pendent variable can be attributed solely to the changes in the independent
variables. To assess the degree of internal validity and to check whether
the experimental manipulation worked as intended, we conduct a series of
one-way analyses of variance (ANOVAs):

To assess the perceptions of the differentLM logistics service levels, we
compare the degree to which the respondents were satis�ed with the ship-
ping options offered by Shoe Spot, F(2, 600) = 55.334,p < 0.001,h2 = 0.156.
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As expected, we observe signi�cant differences, with participants in the
CG being less satis�ed with the shipping options ( M = 3.63,s.d. = 1.205)
compared to those in the two TGs (TG1: M = 4.49,s.d. = 0.771; TG2:
M = 4.47,s.d. = 0.763; on a �ve-point scale). Moreover, we asked if the
respondents would have completed the online shopping process if it had
been a real purchasing situation, F(2, 600) = 8.825,p < 0.001,h2 = 0.029.
Similarly, participants in the CG are less likely to complete the shop-
ping process than in the TGs and when looking at the reasons for not-
completion participants in the CG selected "I did not like the shipping
options Shoe Spotoffers." signi�cantly more often ( 19.4%) than partici-
pants in the TGs (TG1: 8.3%; TG2: 5.7%). Furthermore, we asked par-
ticipants if they would recommend Shoe Spotto a friend, i.e., we mea-
sured the NPS, F(2, 600) = 8.856,p < 0.001,h2 = 0.029. Here, too, we
observe signi�cant differences, with participants in the CG being less
likely to recommend Shoe Spotto a friend ( M = 6.94,s.d. = 2.616) com-
pared to those in the TGs (TG1: M = 7.80,s.d. = 2.027; TG2: M =
7.74,s.d. = 2.245; on an eleven-point scale from 0 to 10). Finally, we as-
sessed if there are any differences among the experimental groups with
regards to other important variables used in our model (see, Figure 5.1).
This is to ensure that the random assignment of participants to the ex-
perimental groups worked as intened and that the groups are compara-
ble. For the most part, we could neither observe signi�cant differences
in the moderator variables (product category involvement: F(2, 600) =
0.092,p = 0.912,h2 < 0.001; online shopping involvement: F(2, 600) =
0.752,p = 0.472,h2 = 0.003; BRiC: F(2, 600) = 0.493,p = 0.611,h2 = 0.002;
SDF: F(2, 600) = 0.069,p = 0.933,h2 < 0.001), nor in the control variables
(prior online shopping experience: F(2, 600) = 0.035,p = 0.966,h2 < 0.001;
patience: F(2, 600) = 2.276,p = 0.104,h2 = 0.008; climate change belief:
F(2, 600) = 3.835,p = 0.022,h2 = 0.013; political orientation: F(2, 600) =
2.168,p = 0.115,h2 = 0.007) and the main demographic variables (gen-
der: F(2, 600) = 2.994,p = 0.051,h2 = 0.010; age: F(2, 600) = 3.746,p =
0.024,h2 = 0.012; education level: F(2, 600) = 0.483,p = 0.617,h2 = 0.002;
household size: F(2, 600) = 0.862,p = 0.423,h2 = 0.003; location of home:
F(2, 600) = 2.932,p = 0.053,h2 = 0.010). All in all, we can thus conclude
that the internal validity of our experiment is satisfactory.

External validity is given when the experimental results can be transferred
to other situations and can thus be generalized beyond the context of the
particular study (Bracht et al., 1968). To assess the degree of external validity,
we included appropriate checks in our survey: Overall, participants from all
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experimental groups considered the online shopping situation at Shoe Spot
to be very realistic (CG: M = 4.35,s.d. = 0.839; TG1: M = 4.42,s.d. = 0.939;
TG2: M = 4.36,s.d. = 0.884; on a �ve-point scale). Also, a large portion of
the respondents would have completed the online shopping process if it
had been a real purchasing situation (CG: 66.7%; TG1: 81.3%; TG2: 82.0%).
Moreover, according Aguinis et al. ( 2014), the use of experimental vignette
methodology generally leads to a high degree of realism for the participants.
Thus, we are con�dent that the external validity of our experiment is
satisfactory.
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5.6 results

In this section, we present the results of our online experiment. To this end,
in Section 5.6.1, we focus on the main relationship between the different LM
logistics service manipulations and our dependent variable CBBEusing a
series of t-tests. In Section5.6.2, we then make use of hierarchical regression
analysis to successively examine the effects of our control and moderator
variables.

5.6.1 Exploring the Main Relationship between LM Logistics Services and CBBE

We use three independent sample, one-sided t-tests to our hypotheses H1a
through H 1c, i.e., the effects of theLM logistics service manipulation on the
respondents' ratings of CBBE(measured on the MBE scale). However, before
reporting the results, we would like to brie�y discuss whether conducting t-
tests is appropriate at all given the nature of our data. Although rarely done,
reporting tests on the assumptions of a statistical procedure is important
since it gives the reader a more complete picture of the characteristics of
the sample and helps them assess the validity of the �ndings (Morgan et al.,
2017). Moreover, we brie�y discuss the effect size measures we use in this
study.

pre -testing the assumptions for the t -test The �rst require-
ment for conducting a t-test, independent and identically distributed data,
is met per de�nition because we chose a between-subject, posttest-only
design with random assignment to the experimental groups. Second, the
dependent variable should at least be measured on an interval scale so that
meaningful differences between the two groups can be calculated. Since we
use a �ve-point Likert scale to measure CBBEthis requirement is met, too.
The third requirement, i.e., the independent variable must be categorical
with only two distinct outcomes, is met according to the de�nition of our
hypotheses H1a through H 1c. Fourth, visual inspection of the whisker
plots con�rms that our data contain no outliers. Fifth, the requirement of
normally distributed data is violated for our sample as assessed by the
Shapiro-Wilk test ( p < .001). However, normality is generally assumed
for n > 30 observations per group and the t-test is also generally quite
robust against violations of normality, according to Stone ( 2010, p.1554)
and Herzog et al. (2019, p.56). The last requirement, equal variances of
the two samples, can be tested using a Levene test (Levene,1960). Should
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the Levene test indicate that the group variances are not equal, we use the
Welch test, which is also referred to as the unequal variance t-test. In the
case of unequal variances, this test has shown to be superior to the standard
t-test (see, Rasch et al.,2011; Ruxton, 2006).

measurement of effect sizes Moreover, effect sizes are an important
outcome of empirical studies because we are interested in how big the effect
of the experimental manipulation really is. Moreover, effect sizes can be
used to determine the sample size for subsequent studies or examining
effects across studies (Lakens,2013). In this study, we use Hedges's g and
r to report the effect sizes of the t-tests. Hedges's g is a corrected and
unbiased version of the frequently used effect size measure Cohen's d,
which refers to the standardized mean difference between two groups of
independent observations (cf., Cumming, 2013; Hedges, 1981; Hedges et al.,
1985; Lakens,2013). Commonly, effect sizes are referred to as small (g � 0.2),
medium ( g � 0.5) or large (g � 0.8) (Cohen, 1992). However, these values
are somewhat arbitrary and should not be interpreted rigidly. The second
effect size measure we use isr, which can easily be converted to d and vise
versa (see, McGrath et al.,2006). r is the point biserial correlation between
two groups and describes the proportion of variance that is explained by
group membership (Lakens, 2013).

conducting the t -tests To test our �rst Hypothesis H 1a, we compare
the mean ratings of CBBEfor those individuals who have to settle for a basic
service (CG: M = 3.343,s.d. = 0.829) and those who can choose between
�ve advanced services (TG1: M = 3.715,s.d. = 0.714). Since a Levene test
suggests that the group variances are not equal (F = 10.738,p < 0.001),
we report the Welch test statistics. This unequal variance t-test reveals a
signi�cant difference between the two conditions, t(406.478) = 4.877,p <
0.001, Hedges'sg = 0.482,r = 0.235. Thus, the effect size of our unequal
variance t-test can be interpreted as being medium. Speci�cally, an r-value of
0.235indicates that 5.522% (r2) of the variance is explained by the difference
between the two groups. On average, participants treated with a portfolio
comprising �ve advanced LM logistics services (TG1) report higher CBBE
than do participants who cannot chose between services and have to settle
for a basic service (CG). Thus, hypothesis H1a that the possibility to chose
from a wide selection of advanced LM logistics services evokes higher levels
of CBBE is supported.
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Second, we compare the mean ratings ofCBBEfor those individuals who
have to settle for a basic service (CG) and those who can �exibly build
their own service ( TG2: M = 3.757,s.d. = 0.712). Again, the Levene test
suggests unequal group variances (F = 11.378,p < 0.001). The unequal
variance t-test reveals a signi�cant difference between the two conditions,
t(407.213) = 5.445,p < 0.001,g = 0.538,r = 0.262. On average, participants
who can �exibly build their own LM logistics service (TG2) report higher
CBBEthan do participants who cannot chose between services and have
to settle for a basic service (CG). Thus, hypothesis H1b that the possibility
to build your own advanced LM logistics service evokes higher levels of
CBBE is supported.

Third, we compare the mean ratings of CBBEfor those individuals who
can choose between �ve advanced services (TG1) and those who can �exibly
build their own service ( TG2). This time, the Levene tests suggests that
the group variances are equal (F = 0.009,p = 0.942). The t-test reveals
no signi�cant difference between the two conditions, t(385) = 0.584,p =
0.280,g = 0.059,r = 0.029. On average, participants who can �exibly build
their own LM logistics service (TG2) are not different with regards to their
CBBE-value from participants who are treated with a portfolio comprising
�ve advanced LM logistics services (TG1). Thus, hypothesis H1c that the
possibility to build your own advanced LM logistics service evokes higher
levels of CBBEin comparison to the possibility to chose from a number of
advanced services is not supported. Note that we display the estimated
marginal means (EMM s) of CBBEbroken down by experimental group in
order to visualize the effects that led to the support of H 1a and H1b, and
rejection of H 1c in Figure 5.2. Moreover, we provide a summary of the
above test results in Table 5.6.
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Figure 5 .2: EMM s of CBBE using the MBE scale for each experimental group
(CG: M = 3.343; TG1: M = 3.715; TG2: M = 3.757)

robustness check We perform a series of planned contrasts on addi-
tional variables included in our survey in order to check the robustness of
our results. Speci�cally, we conduct t-tests for CBBEusing the OBE scale,
NPS and attitude towards the brand(see, Table5.8 in Supplement 5.8.1). More-
over, we assess the responses to three statements that help us to shed light
on Shoe Spotsbrand image: "Shoe Spot seems to be innovative.", "Shoe Spot
seems to be progressive.", "Shoe Spot seems to be sustainable." (all mea-
sured on �ve-point Likert scales). Finally, we examine whether participants'
responses differ between experimental groups in terms of their satisfaction
with the shipping options and whether they would have completed the
online shopping process. Since the latter variable uses a dichotomous scale,
we perform a Chi-Square test of independence instead of a t-test. As we can
see from Table 5.6, all contrasts that we performed to check the robustness
of the relationship between our LM logistics service manipulations and
the respondents' ratings of CBBEhave the expected outcome: On average,
individuals in the two treatment groups ( TG1 and TG2) rate the dependent
variables higher than individuals in the CG group. In addition, there is
no signi�cant difference between individuals in the two treatment groups
in terms of their average ratings of the dependent variables. We can thus
con�rm the robustness of our �ndings.
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Table 5 .6: Overview of planned comparisons for study variables

Planned Comparisons Statistics (Group 2) Test Results Effect size
Variabled Group 1 Group 2 Mean s.d. Type d.f. jt ja pb gc r

CBBE (MBE scale)
CG TG1 3.715 0.714 Welch 406.478 4.877 < 0.001 0.482 0.235
TG2 CG 3.343 0.829 Welch 407.213 5.445 < 0.001 0.538 0.262
TG1 TG2 3.757 0.712 t 385 0.584 0.280 0.059 0.029

CBBE (OBE scale)
CG TG1 3.312 1.012 t 407 3.621 < 0.001 0.358 0.177
TG2 CG 2.934 1.090 t 408 3.748 < 0.001 0.370 0.182
TG1 TG2 3.329 1.034 t 385 0.158 0.438 0.016 0.008

Perceived Quality Factor (MBE)
CG TG1 4.301 0.754 Welch 402.351 5.634 < 0.001 0.557 0.269
TG2 CG 3.829 0.941 Welch 382.94 6.950 < 0.001 0.686 0.325
TG1 TG2 4.379 0.648 Welch 375.865 1.078 0.141 0.109 0.055

Loyalty Factor (MBE)
CG TG1 3.149 1.024 t 407 3.967 < 0.001 0.392 0.193
TG2 CG 2.727 1.118 t 408 3.695 < 0.001 0.365 0.180
TG1 TG2 3.130 1.088 t 385 0.175 0.431 0.018 0.009

Awareness/Associations Factor (MBE)
CG TG1 3.698 0.847 t 407 2.858 0.002 0.283 0.140
TG2 CG 3.447 0.922 Welch 407.806 3.679 < 0.001 0.363 0.179
TG1 TG2 3.762 0.810 t 385 0.753 0.226 0.076 0.038

Attitude Towards the Brand
CG TG1 4.459 0.634 Welch 381.483 3.713 < 0.001 0.367 0.181
TG2 CG 4.170 0.930 Welch 402.028 3.483 < 0.001 0.344 0.170
TG1 TG2 4.457 0.738 t 385 0.034 0.487 0.003 0.002

NPSe
CG TG1 7.80 2.027 Welch 399.16 3.731 < 0.001 0.369 0.182
TG2 CG 6.49 2.616 t 408 3.295 < 0.001 0.325 0.161
TG1 TG2 7.74 2.245 t 385 0.280 0.390 0.028 0.014

Shopping Process Completedf
CG TG1 1.19 0.391 c2 1 11.304 < 0.001 0.166 –
TG2 CG 1.33 0.472 c2 1 12.392 < 0.001 0.174 –
TG1 TG2 1.18 0.386 c2 1 0.024 0.438 0.008 –

Satisfaction with Shipping Options
CG TG1 4.49 0.771 Welch 370.248 8.463 < 0.001 0.837 0.387
TG2 CG 3.63 1.205 Welch 368.073 8.275 < 0.001 0.817 0.379
TG1 TG2 4.47 0.763 t 385 0.297 0.384 0.030 0.015

Innovativeness
CG TG1 4.06 1.088 t 407 4.869 < 0.001 0.481 0.235
TG2 CG 3.53 1.108 Welch 407.138 6.173 < 0.001 0.609 0.292
TG1 TG2 4.16 0.950 t 385 0.940 0.174 0.095 0.048

Progressiveness
CG TG1 4.21 0.958 Welch 406.685 5.488 < 0.001 0.543 0.262
TG2 CG 3.67 1.043 Welch 404.031 6.267 < 0.001 0.619 0.296
TG1 TG2 4.25 0.848 t 385 0.156 0.311 0.044 0.022

Sustainability
CG TG1 4.17 0.825 Welch 395.024 4.924 < 0.001 0.487 0.237
TG2 CG 3.69 1.104 Welch 391.247 6.179 < 0.001 0.610 0.293
TG1 TG2 4.29 0.801 t 385 0.069 0.138 0.151 0.076

a c2 test statistic for Chi-Square test
b One-sided
c Cramer's V effect size for Chi-Square test
d If not stated otherwise, items are measured on a �ve-point Likert scale ranging from 1 (negative/disagreeing) to 5 (positive/agreeing).
e Measured on an eleven-point scale from 0 to 10
f Measured on a dichotomous scale (1: "I would have completed the purchasing process."; 2: "I would have abandoned the purchasing process.")

discussion of t -test results Our t-test results suggest that we
can indeed infer a causal relationship between our LM logistics service
manipulation and the CBBE-level of the focal online shop. We �nd that
offering the customers to choose their preferred LM logistics service from
a portfolio of �ve services (basic, express, no rush, green, �exible; see,
Table 5.3) or even offering an entire �exible service design (i.e., BYO with
attributes delivery time, location, time window, sustainability and parcel
return; see, Table 5.2) leads to signi�cantly higher CBBE compared to a
purchase situation in which the customers cannot choose between different
services but have to settle for the basic service (support of hypotheses H1a
and H1b).
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This effect can be explained with the common assumption in marketing
that a larger selection of products or services bene�ts customers. This
assumption is also consistent with classic economic theories that larger
assortments are bene�cial because they provide for a potentially better
match between customers' own preferences and the product or service
offering (see, Chernev, 2003). For instance, very price sensitive individuals
might prefer a no rush delivery which is free of charge or set all attribute
levels of the BYO accordingly. Similarly, there might be individuals to whom
a fast delivery, a sustainable delivery or a �exible return policy is of utmost
importance. If these individuals are offered precisely what they want they
will be delighted and they will implicitly reward this more sophistic choice
of LM logistics services by being more loyal to the online store, rating its
quality as higher, having more positive associations and being more aware
of the shop. In other words, they rank higher on all dimensions of CBBE
compared to individuals whose preferences are not met because they are
merely offered the basic service. Additionally, we �nd that these positive
effects of offering more sophisticated LM logistics services are not limited
to CBBE: We can even show that a number of other constructs are positively
in�uenced by a more sophisticated selection of services. For instance, as we
can see from Table5.6, attitude towards the online store brand is positively
affected and the brand it perceived as being more innovative, progressive
and sustainable. Moreover, a more sophisticated selection of services leads
to lower shopping cart abandonment rates, and a higher NPS.

We can further show that offering full customization of LM logistics ser-
vices does not lead to additional CBBEcompared to offering a prede�ned
portfolio of services that already covers a wide range of different customer
preferences (rejection of H1c). The positive effects of additional customizabil-
ity might be overcompensated by choice overload effects. Choice overload
describes the paradoxical �nding that variety can be detrimental to choice,
i.e., a larger choice set may have negative consequences on the strength
of preferences because it can confuse and overwhelm customers (see, e.g.,
Chernev et al., 2015; Scheibehenne et al.,2010). In their seminal papers,
Iyengar et al. (2000) and Reibstein et al. (1975) could show that customers
actually report greater subsequent satisfaction with their selections when
their original set of options had been limited. Transferring these �ndings
to the present study, we can argue that the participants from the BYO
group were generally overwhelmed with the task of building their own
service based on the large variety of service attributes offered. Building your
own service means additional cognitive and time effort. Since LM logistics
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services are ancillary services and many customers see them merely as a
means of receiving their order, they also do not want to get too involved
in customizing them. This results in CBBE ratings that are higher on av-
erage compared to the CG, but indistinguishable from the ratings of TG1
participants.

Further, it is conceivable that some participants in TG2 actually appreci-
ated the additional �exibility of the BYO concept and were therefore less
affected by choice overload effects. Within these participants, we could then
detect an additional positive effect on CBBEcompared to TG1. On the con-
trary, there might be a subgroup of participants from TG2 that is severely
affected by choice overload effects. Within this subgroup, CBBEmight even
be lower compared to TG1. To be able to make educated statements about
these effects we would have had to measure appropriate constructs as
additional moderators (e.g., personality traits (Iyengar et al., 2006), cus-
tomer expertise (Mogilner et al., 2008) or variety seeking (Oppewal et al.,
2005)), which is beyond the scope of this study. However, viewed across all
participants, these effects seem to balance out.

Another moderator of choice overload that has been studied in the litera-
ture is time pressure: Individuals given a limited amount of time to choose
with a larger set of alternatives found their decisions to be more dif�cult
and frustrating than did individuals in other conditions (Haynes, 2009).
This could have consequences for this study, too: Participants recruited
through AMT are often under time pressure to meet their own goals in
terms of how many studies to complete in a given day in order to make a
living. Thus, time-pressured individuals might be overrepresented in our
sample since online shopping (at least of hedonic products) is an activity
that people typically indulge in and pursue without time pressure. Thus,
choice overload effects may be more pronounced in our sample than they
would be in a more balanced sample, which in turn negatively affects the
CBBE ratings of TG2.

In conclusion, it pays off for retailers in terms of additional CBBEand –
in the long run – monetarily to offer a well-de�ned and balanced portfolio
of LM logistics services, rather than just a basic service that costs less but
at the same time is not aligned with many customers' diverse preferences
and leaves them dissatis�ed. However, going even a step further and offer-
ing fully customizable LM logistics services will likely and substantially
increase operational effort and cost.
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5.6.2 Exploring the Moderating Effects Using Hierarchical Regression

setup of the regression analysis and testing the assumptions
To test the in�uence of the LM logistics services manipulations on CBBE,
additionally taking moderating effects into account (see, Hypotheses H 2
through H 5 in Figure 5.1), we performed a hierarchical multiple regression
analysis using the MBE scores as the dependent variable. We used SPSS
to conduct our regression analysis and tested the regression assumptions
by examining the normal probability plot of residuals and the scatter dia-
gram of residuals versus predicted residuals. We could detect no violations
of normality, linearity, or homoscedasticity of residuals. In addition, box
plots revealed no evidence of outliers. Finally, we are con�dent that multi-
collinearity is not an issue because the variance in�uence factors ( VIFs) of
all variables in the �nal model are below 4.319(M = 1.599) and, thus, well
below the conventional threshold of 10 (see, O'Brien, 2007).

In the �rst block of our hierarchical regression analysis, we entered the
demographic and control variables, including satisfaction with previous
online shopping experience and the three personality/attitude variables
of patience, climate change beliefs, and political orientation. In the second
block, we entered the experimental variable. Note that the variable entered
in this step is a dummy variable, which we created in order to facilitate
the regression analysis and increase its interpretability. This dichotomous
variable has the two outcomes basic service(0) and advanced service(1). In
other words, we pooled the respondents from the two TGs, who could
choose from a portfolio of �ve services or build their own service, respec-
tively, and contrasted them with the respondents assigned to the CG who
received only the basic service. This is a valid approach, as a series of t-tests
revealed no signi�cant differences between TG1 and TG2 in our initial anal-
ysis above (see, Section5.6.1). In the third block, we entered the moderator
variables (product category and online shopping involvement, BRiC and
SDF). Finally, in the fourth block, we entered the interaction terms between
the experimental condition and the moderator variables.

regression results and discussion In Table 5.7, we present the
results of our four regression models, including the standardized regression
coef�cients ( b) for each variable and their respective signi�cance levels, the
F-statistic, R2 and R2

adj. In Model1, we see that the demographic variables
gender, age and education level are no signi�cant predictors of CBBE, while
location of home is a signi�cant predictor and household size is on the
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verge of being signi�cant ( p = 0.051). Further, all control variables included
in the model are signi�cant predictors of CBBE and are all positively
associated with the dependent variable. The effects of patience level and
online shopping satisfaction are particularly strong.

In Model 2, the coef�cients and signi�cance levels of the demographic
and controls remain relatively stable. Further the experimental variable is
a strong predictor of CBBE, which con�rms our �ndings from the t-tests
in Section 5.6.1: Offering sophisticated LM logistics services leads to an
increase in CBBEof the focal online shop brand in comparison to a situation
in which the shop only offers a basic service. Also, we notice that the overall
R2-value increases to0.203. Thus, the inclusion of the experimental variable
ultimately leads to an increase in R2 of 0.052. In other words, the different
LM logistics service offerings explain 5.2% of the variance in CBBE.

In Model 3, when the main effects of our four moderator variables are
accounted for, none of the demographic and control variables – except
for patience and online shopping satisfaction – are statistically signi�cant
anymore. Thus, the effects that were explained by these variables in the
previous two models can be better captured by the four moderator variables,
which are all signi�cant predictors of CBBE. Notably, all four variables are
positively related to CBBE, i.e., individuals who are more involved in online
shopping or running shoes or who rank higher in BRiC or SDFtend to have
higher CBBEscores. Further, it is noteworthy that the inclusion of the four
moderator variables dramatically increases the amount of variance that can
be explained by the model: R2 doubles from 0.203 to 0.406.
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Table 5 .7: Results for hierarchical regression analysis for basic and elaborate
logistics services and moderating effects

Independent Variables Model 1a Model 2a Model 3a Model 4a

Step 1: Control variables (demographic, attitude, prior experience)
Gender (0, male; 1, female)b 0.009 0.029 0.026 0.045
Age � 0.038 � 0.041 0.023 0.015
Education level 0.049 0.045 � 0.029 � 0.033
Household size 0.077† 0.066† � 0.013 � 0.010
Location of home (0, rural; 1, urban) 0.101� 0.092� 0.025 0.023
Patience level 0.212�� 0.211�� 0.111�� 0.114��

Climate change belief 0.131�� 0.120�� 0.026 0.038
Political orientation 0.143 �� 0.136�� 0.024 0.033
Online shopping satisfaction 0.175�� 0.178�� 0.104�� 0.109��

Step 2: Experimental variable
Experimental condition ( 0, CG; 1, TG1 and TG2) 0.230�� 0.233�� 0.235��

Step 3: Moderator variables (main terms)
Product category involvement 0.118 �� 0.238��

Online shopping involvement 0.085 � 0.062
BRiC 0.081� 0.041
SDF 0.330�� 0.545��

Step 4: Moderator variables (interaction terms)
Exp. Condition x Product category involvement � 0.072
Exp. Condition x Online shopping involvement 0.039
Exp. Condition x BRiC 0.036
Exp. Condition x SDF � 0.268��

DR2 0.151 0.052 0.203 0.029
R2 (R2

adj) 0.151(0.138) 0.203(0.189) 0.406(0.392) 0.435(0.418)

DF 11.558�� 38.445�� 49.788�� 7.488��

a Standardized regression coef�cients. n = 597.
b For statistical reasons, we excluded 6 respondents who did not disclose their gender or were non-binary.
†p < 0.1; � p < 0.05; �� p < 0.01

In Model4, R2 increases further to 0.435and this increase is statistically
signi�cant ( F(4, 578) = 7.488,p < 0.001). The coef�cients of the experi-
mental condition and the two signi�cant control variables (patience and
online shopping satisfaction) remain stable. Moreover, with regards to the
main effects of the moderator variables, online shopping involvement and
BRiC are no longer statistically signi�cant, leaving only product category
involvement and SDF as signi�cant and strong predictors of CBBE. Of the
interaction terms between the experimental condition and the moderator
variables only experimental condition � SDFis a signi�cant predictor. Thus,
we can conclude that H5 is supported by our data and that SDF is a strong
and negative moderator of the relationship between the LM logistics service
manipulation and CBBE. We visualize this moderating effect in Figure 5.3
where we plot the unstandardized CBBE as predicted by our regression
model against SDF grouped by experimental condition. The negative sign
of the coef�cient of the interaction term experimental condition � SDF(see,
Table 5.7 leads to a smaller slope (i.e., a weakly incrasing trend) for the
advanced services group compared to the basic service group in Figure
5.3. Both groups differ strongly from each other for low SDF-values, while
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they are indistinguishable in the high- SDF region. Thus, for individuals
who rank high on SDF, i.e., who regard a focal product as a status symbol
and actively communicate this to their social surroundings, it does not
matter in terms of CBBE whether to offer them only basic LM logistics
services or more �exible, advanced serivces. As we argued above in Section
5.3.2.3 where we developed our hypotheses, the reason for this negative
moderating effect might be that high- SDF customers focus on the product
itself rather than on the ancillary services since the social demonstrance of a
brand highly depends on the visibility to others which is given for the focal
product (running shoe) but less so for the intangible LM logistics services.
Consequently, these services play only a subordinate role for high- SDF
customers. On the other end of the scale, i.e., for low-SDF customers, the
symbolic brand bene�ts do not play a signi�cant role and a brand is not
hardly regarded as a status symbol. For low- SDF customers, other factors
that are less related to the focal product, such as ancillary logistics services,
are gaining in importance. For these customers, it is important to be able to
choose from a wide range of innovate LM logistics services and they honor
this implicitly by rewarding the shop with higher CBBE.

Based on the regression analysis, we reject the remaining three hypothe-
ses (H2, H3 and H4) proposing moderating effects of product category
involvement, online shopping involvement and BRiC. As we discuss in
Section 5.3.2.3, both positive and negative moderating effects of these three
variables are conceivable in principle. It could thus be that both effect direc-
tions exist but neither the positive nor the negative direction prevails so that
the net effect is zero, i.e., both effects cancel out in our regression analysis.
In order to test whether these potential moderating effects really equal out,
we perform two additional regression analyses. For these analyses, we use
the unpooled experiment conditions, i.e., we de�ne two dummy variables
in which we contrast the CG and the two TGs individually.

additional regression models We set up the two additional hier-
archical regression analyses in an analogous manner to our main regression
analysis above. Again, we could detect no violations of the assumptions
of regression analysis. In the �rst block, we entered the demographic and
control variables. Like before, we then entered the experimental dummy
variables: For the �rst model, this is a dichotomous variable encoding the
control group ( 0) and the �rst treatment group ( 1) while, for the second
model, the variable speci�es the control group ( 0) and the second treatment
group ( 1). In the third block, we again entered the moderator variables and
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Figure 5 .3: Grouped scatter plot of CBBE(MBE scale) overSDF by experimental
condition

�nally we entered the interaction terms between the experimental variable
and the moderator variables.

We present the results of these two additional regression analyses in
Tables 5.9 and 5.10 in Supplement 5.8.4. Overall, the �ndings of these two
regression analyses are very similar to those we obtained in our main
regression above, which con�rms that our approach of pooling the re-
sponses from TG1 and TG2 was indeed a valid approach. The coef�cients
of determination R2 of the full models are 0.453and 0.515, slightly higher
than the R2-value obtained in our main regression ( 0.435). Moreover, the
same variables are signi�cant predictors of CBBE: patience, online shopping
satisfaction, the experimental condition, and the main terms of product
category involvement and SDF. Further, the standardized coef�cients of
these variables are at similar levels across all three regression analyses.

However, we could also detect differences between the models. In our
regression model based on the data from CG and TG1 (see, Table5.9),
product category involvement can be considered a weak and negative
moderator ( b = � 0.105,t = 1.761,p = 0.079) of the relationship between
the LM logistics service manipulation and CBBE, tentatively supporting
H2. In line with our discussion in the Section 5.3.2.3, customers highly
involved with the product concentrate their cognitive capacities entirely
on the focal product (i.e., running shoes) and ancillary logistics services
tend to stay in the background for them and do not entail additional CBBE-
effects. On the contrary, low-involvement customers lay their cognitive
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focus increasingly on services or aspects centered around the main product,
such as the logistics services, resulting in higher CBBEratings if they are
offered ancillary services that meet their expectations.

Further, in our regression model based on the data from CG and TG2
(see, Table5.10), online shopping involvement appears to be a positive
moderator ( b = 0.099,t = 2.051,p = 0.041) of the relationship between
the LM logistics service manipulation and CBBE. Thus, this analysis sup-
ports H 3. Individuals highly involved with online shopping attach great
importance to the online shop itself and the services offered. Since they
focus their attention on the details around the shop they are also likely to
appreciate more sophisticated LM logistics services, which translates into
higher CBBE. This is further supported by the fact that the moderating
effect of online shopping involvement is only signi�cant in this particular
regression analysis contrasting the basic service manipulation (CG) and the
most sophisticated and �exible BYO service (TG 2).

robustness check As an additional robustness check, we performed
one more hierarchical regression analysis using the OBE scores as an al-
ternative measurement of CBBEand dependent variable. Like in our main
regression analysis above, we again pooled the respondents from the two
TGs and contrasted them with the respondents assigned to the CG, creating
a dummy experimental variable with the two outcomes basic service(0) and
advanced service(1). Otherwise, the hierarchy of this regression analysis is
the same as above: We �rst enter the demographic and control variables,
followed by the experimental variable and the moderator variables. Further,
we could detect no violations of the assumptions for performing regres-
sion analysis. In the interest of paper length, we refrain from presenting a
detailed table of results for this analysis, but we discuss our �ndings and
intersperse some numerical results where necessary.

Overall, the results of this regression analysis using the four-item OBE
scale are very much in line with our �ndings from our main regression anal-
ysis using the more detailed 13-item MBE scale. TheR2-values on each block
(0.163, 0.188, 0.406, 0.418) and R2

adj-values (0.15, 0.174, 0.391, 0.4) are compa-
rable to those obtained in our previous analyses. Moreover, the F changes
are signi�cant (all p < 0.001) on each block (12.710, 18.003, 53.289, 3.141). In
the �nal block, we found the same variables to be signi�cant predictors of
CBBE (measured on the OBE scale) as in our previous models. The only
exception is the control variable gender, which is also signi�cant. In the
following, we summarize the standardized coef�cients, t-statistics, and sig-
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ni�cance levels for these variables: gender ( b = 0.093,t = 2.829,p = 0.005),
patience (b = 0.113,t = 3.275,p < 0.001), online shopping satisfaction ( b =
0.09,t = 2.599,p = 0.01), experimental condition ( b = 0.169,t = 5.28,p <
0.001), product category involvement ( b = 0.14,t = 2.243,p = 0.025),
SDF (b = 0.593,t = 9.003,p < 0.001) and experimental condition � SDF
(b = � 0.221,t = � 3.367,p < 0.001). Since the results of our regression
analyses, using two different operationalizations of the CBBEconstruct as
the dependent variables, i.e., MBE and OBE, are consistent with each other
we can con�rm the robustness of our �ndings.

5.7 conclusion , implications and outlook

summary of findings In this paper, we examine whether offering a
portfolio of innovative and sophisticated LM logistics services in�uences
CBBEof the focal online store considering a number of moderating factors
by means of an experiment. Examining this link is particularly important
against the background of rising customer expectations and high price sen-
sitivity with regards to LM logistics services paired with �erce competition
in online retailing. These developments lead to online retailers being unable
to pass on the high cost of complex logistics services to their customers.
Thus, many retailers seeLM logistics as a cost factor or necessary evil that
bears no additional bene�ts for them. However, we argue that this view
is myopic since a number of potentially positive marketing-related effects
of offering innovative LM logistics services should not be disregarded:
Through their portfolio of LM logistics services, online retailers can poten-
tially reduce the rate of shopping cart abandonment (higher conversion
rate), increase the number of referrals to friends (larger customer base),
and in�uence the perceptions and equity of their brand in their customers'
minds (higher willingness to pay and more loyal customers). All these
effects entail further positive monetary effects in the long run and, thus,
help to balance the high cost of offering these services. In this context, the
effect of LM logistics services on CBBEhas not yet been examined in the
academic literature. The data of our online experiment, which we set up to
address this gap, support our hypothesis H 1a suggesting that the average
CBBE-level is indeed higher among customers who can choose from a
portfolio of �ve precon�gured services ( TG1) than it is among customers
who cannot choose among services and have to settle for a basic service
(CG). Similarly, a series of t-tests supports H1b that the average CBBE-level
is higher among customers who can �exible build their own service ( TG2)
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than in the control group. However, we could not detect signi�cant differ-
ences – in terms ofCBBE– between the two treatment groups TG1 and TG2,
leading us to reject H1c. Further our regression analyses suggest thatSDF
moderates the relationship between our LM logistics service manipulations
and CBBE (support of H 5), while BRiC does not have such moderating
effects (rejection of H4). With regards to customer involvement, the results
are less unequivocal: Our main regression analysis with pooled respondent
data of TG1 and TG2 suggest that product category involvement and online
shopping involvement are no signi�cant moderators, while subsequent
analyses with unpooled respondent data tentatively support H 2 and H3.

implications Our research has several implications for logistics and
marketing practitioners as well as for scholars. In the following, we discuss
these implications in detail. First, it is important for logistics managers to
be aware of the marketing-related implications associated with changes in
the LM logistics service portfolio. It is myopic to focus exclusively on the
cost side when it comes to setting up or changing a service portfolio for
LM logistics. Speci�cally, our �ndings suggest that it is advisable to offer a
portfolio with a number of sophisticated and innovative services that go
beyond a basic service. However, it is suf�cient to offer small set of precon-
�gured services that successfully re�ect the preferences of the majority of
customers. We �nd that this strategy signi�cantly increases CBBEand its
sub-dimensions brand loyalty, perceived quality, brand awareness and posi-
tive brand associations, while keeping logistics costs and proliferation of
variants at reasonable levels. Further, offering fully customizable (i.e., BYO)
LM logistics services does not lead to additional CBBEwhile dramatically
increasing logistics cost and complexity. If an online retailer offers too many
services and the selection process involves high cognitive effort, customers
may even be overwhelmed, which has a negative impact on satisfaction,
shopping cart abandonment, and ultimately CBBE. Logistics managers
should therefore actively seek collaboration with the marketing department
to develop a service strategy that takes into account the CBBE-effects of LM
logistics and is aligned with both the company's operational capabilities
and customer preferences.

Marketing practitioners should be aware of the positive effects of a well-
balanced LM logistics service portfolio on CBBE. Ultimately, optimizing the
logistics service portfolio is an ef�cient and relatively easy lever to positively
in�uence – inter alia – future sales, market share and �rm pro�tability in
the long term (see, Section5.3.2.1).
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Thus, marketing practitioners should collaborate closely with their lo-
gistics colleagues and discuss with them a suitable selection of logistics
services that is not unilaterally focused on avoiding costs. Further, we have
shown that SDF moderates the link between logistics services. This implies
that among low- SDF customers the positive CBBE-effects of sophisticated
logistics services are particularly strong, while the CBBEscores of high-SDF
customers – which are already on a high level when only the basic service
is offered – is hardly affected by changes in the logistics service options.
We have found tentative support for similar moderating effects for product
category involvement and online shopping involvement. This implies that
customers who are only minimally involved with the focal product, i.e., for
whom the purchasing situation is more utilitarian than hedonic, respond
very positively to a more sophisticated selection of LM logistics services.
With regards to online shopping involvement, the moderating effect works
in the opposite direction: Customers highly involved with online shopping
bene�t most (in terms of CBBE) from the logistics services. This knowl-
edge about the drivers of CBBE can help marketing practitioners design
advertising campaigns that speci�cally target customers with low SDF, low
product involvement, and high online shopping involvement to emphasize
the bene�ts of the LM logistics services offered.

This study, positioned at the interface of SCML/operations manage-
ment (OM) and marketing, has also implications for scholars. We show
for the �rst time and based on a large empirical data set that the selection
of LM logistics services offered by an online retailer is a strong driver of
customer-based brand equity. However, a large portion of studies in the
SCML literature focuses unilaterally on the cost and tremendous opera-
tional effort of offering sophisticated LM logistics services. Our research
implies that this approach can be myopic as the positive spillover effects
of LM logistics portfolios on brand equity should not be forgotten (cf.,
Sanders et al.,2011). The monetary consequences of these spillovers can
even be calculated, for instance in terms of net present value (NPV) differ-
ences among various service portfolios. For detailed perspectives on the
measurement of brand equity, we refer the reader to the �nancial brand
equity literature that traces back to the seminal paper of (Simon et al., 1993).
Thus, we see that certain decisions (e.g., about logistics service portfolios)
typically made in the logistics domain can have large consequences on
mechanisms studied in other domains such as marketing. This shows once
again that SCML research is also of great importance outside of its usual
boundaries and we hope that our study encourages scholars from both the
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SCML and marketing domains to foster collaboration. Finally, with this
rigorous behavioral experiment, we respond to the recent call for more
practice-based and empirical research in the �elds of OM and SCML (see,
M. Fisher et al., 2020; Gallien et al., 2016; Roth et al., 2020; Singhal et al.,
2014).

l imitations and future research Like any research, this study
has some limitations that provide fruitful avenues for future research. First,
we do not pursue a full-factorial experimental approach, i.e., we selected
a restricted number of service attributes and we did not explicitly test all
possible combinations of service attribute levels. A full-factorial approach
would have led to an enormous number of possible combinations and would
have required a very large sample size to ensure adequate statistical power.
While our approach is ef�cient and economically reasonable, its downside
is that we cannot analyze to what extent each individual service attribute
contributes to CBBE. Second, as we discuss in Section5.6.1, our data from
TG2 might be biased by time pressure: Research has shown that choice
overload effects are exacerbated under time pressure and it is likely that our
respondents recruited via AMT are under self-imposed time pressure. It
would therefore be interesting to conduct a follow-up experiment in a real-
world online store with actual customers. Third, our cross-sectional study
design does not allow us to account for potential temporal deterioration
effects in the LM logistics service levels. Today, attribute levels like same-day
delivery, 3h delivery time slots and 100% carbon offsetting are perceived
as being sophisticated and innovative when it comes to the delivery of
retail products. In the future, these levels might however become the new
standard so that their positive impact on CBBEmight diminish. Then, other
service levels, which we cannot even think of today, will take their place, or
LM logistics services as a whole could be considered a hygiene factor (i.e.
they do not lead to higher CBBEbut their absence leads to dissatisfaction)
(see, Herzberg et al.,1993). Future research should therefore explore these
deterioration effects in the logistics service levels, possibly relying on a
longitudinal study design. Fourth, in our study, we focus on a single
product category. Although we carefully selected running shoes as our focal
product, we cannot not draw conclusions about whether our �ndings can
be generalized beyond medium-cost, medium-replacement cycle, medium-
term experience good (cf., Yoo et al., 2001). It would thus be of interest
to study the brand equity effects of LM logistics services for other focal
product categories, such as high-cost, high-involvement, hedonic products
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or low-cost, low-involvement, utilitarian products. Finally, the temporal
boundary of our online experiment is naturally the point of sale, i.e., when
the customer clicks the "Buy" button. We can thus not examine or measure
anything that happens after this point. However, there are a number of
post-sale issues that might seriously jeopardize the positive brand equity
effects of even the most innovative LM logistics services and Jiang et al.
(2005) provide evidence that the level of customer satisfaction can indeed
vary between the point of sale and the actual product delivery. Further,
Tax et al. (2013) suggest that customers do not distinguish which of the
participating market actors is responsible for which process. In other words,
customers would hold the online retailer and not a potentially involved
third-party LSP responsible for glitches like delays or damaged packages.
Thus, future research should examine if these �ndings also extend to the
CBBE-effects of LM logistics service offerings.
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5.8 supplements

5.8.1 Items and Scales

Table 5 .8: Items and scales used throughout this study

Multidimensional Consumer-Based Brand Equity a– adapted from Buil et al. ( 2008), Yoo et al. (2000), and Yoo et al. (2001);
Arnett et al. ( 2003) and Pappu et al. (2006), Pappu et al. (2005)

MBE-Qual-1 Shoe Spot offers services with excellent features.
MBE-Qual-2 Shoe Spot seems to offer services of very good quality.
MBE-Qual-3 Shoe Spot seems to offer services of consistent quality.
MBE-Qual-4 Shoe Spot seems to offer very reliable services.
MBE-Loy-1 I would consider myself to be loyal to Shoe Spot.
MBE-Loy-2 Shoe Spot would be my �rst choice.
MBE-Loy-3 I would not shop at other online stores if the Shoe Spot website was available.
MBE-Loy-4 I would be willing to pay a higher price at Shoe Spot than I would at other stores due to the services that Shoe Spot offers.
MBE-AwAs- 1 I can recognize Shoe Spot among other competing stores.
MBE-AwAs- 2 I am aware of Shoe Spot.
MBE-AwAs- 3 Some characteristics of Shoe Spot come to my mind quickly.
MBE-AwAs- 4 I can quickly recall the logo/motto of Shoe Spot.
MBE-AwAs- 5 I have dif�culty in imagining Shoe Spot in my mind. r

Overall Brand Equity a – adapted from Yoo et al. (2001)

OBE-1 It makes sense to buy from Shoe Spot instead of any other store, even if they are the same.
OBE-2 Even if another store offers the same services as Shoe Spot, I would prefer to buy from Shoe Spot.
OBE-3 If there was another store as good as Shoe Spot, I would still prefer to buy from Shoe Spot.
OBE-4 If another store is not different from Shoe Spot in any way, it seems smarter to purchase from Shoe Spot.

Attitude Towards the Brand b – adapted from Osgood et al. (1957), Simonin et al. (1998), and Stafford et al. (1995)

ATTD- 1 Shoe Spot is [bad, . . . , good]
ATTD- 2 Shoe Spot is [unfavorable, . . . , favorable ]
ATTD- 3 Shoe Spot is [negative, . . . , positive]

Net Promoter Scorec – adapted from Reichheld (2003)

NPS How likely are you to recommend Shoe Spot to a friend or colleague?

Involvement (Product Category / Online Shopping) a – adapted from M. Park et al. ( 2018), Yoo et al. (2001), and Zaichkowsky ( 1985)

INV- 1 I am very involved with X i .
INV- 2 I use X very often.
INV- 3 I am a X expert.
INV- 4 I am not interested in X. r

Prior Online Shopping Experience

SatExp Overall, how satis�ed are you with your online shopping experience over the past 12 months?g

ABD How often does it happen that you abort the online shopping process (i.e., abandon your cart)? h

Brand Relevance in Categorya – adapted from Fischer et al. (2010)

BRiC-1 When I purchase running shoes, the brand of the running shoes plays – compared to other things – an important role.
BRiC-2 When I purchase running shoes, I focus mainly on the brand.
BRiC-3 To me, it is important to purchase brand name running shoes.
BRiC-4 The brand plays a signi�cant role as to how satis�ed I am with the running shoes.

Social Demonstrance Functiona – adapted from Fischer et al. (2010)

SDF-1 To me, the running shoe brand is indeed important because I believe that other people judge me on the basis of it.
SDF-2 I purchase particular brands because I know that other people notice them.
SDF-3 I purchase particular brands because I have much in common with other buyers of that brand.
SDF-4 I pay attention to the brand because its buyers are just like me.

Personality and Attitude – adapted from Kroh ( 2007), Price et al. (2014), and Vischer et al. (2013)

POL In politics, people sometimes talk of "left" and "right". Where would you place yourself on the following scale? d

CLI In the media, we often hear about "climate change". What do you think about the statement that
"climate change is mainly caused by humanity"? e

PAT Are you generally an impatient person, or someone who always shows great patience? f

a Items used a �ve-point Likert scale with anchors "strongly disagree" and "strongly agree".
b Items used a �ve-point Likert scale with the anchors given in brackets.
c Items used an eleven-point Likert scale with anchors "not at all likely" and "extremely likely".
d Item used an eleven-point Likert scale with anchors "extreme left" and "extreme right".
e Item used an eleven-point Likert scale with anchors "strongly disagree" and "strongly agree".
f Item used an eleven-point Likert scale with anchors "extremely impatient" and "extremely patient".
g Item used a �ve-point Likert scale with anchors "extremely dissatis�ed" and "extremely satis�ed".
h Item used an eleven-point Likert scale with anchors "never" and "always".
i Replace X with "running shoe(s)" and "online shopping", respectively.
r Reverse scoring.
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5.8.2 Vignette and Brand Introduction

Figure 5 .4: Description of situation and product need generation
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Figure 5 .5: Brand building text for Shoe Spot
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5.8.3 Impressions of the Shoe Spot website

Figure 5 .6: Impression of the Shoe Spot homepage
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Figure 5 .7: Impression of a detailed product page
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Figure 5 .8: Impression of the checkout page with shipping options
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5.8.4 Further Hierarchical Regression Models

Table 5 .9: Results for hierarchical regression analysis for basic logistics services
and a portfolio of 5 elaborate services

Independent Variables Model 1a Model 2a Model 3a Model 4a

Step 1: Control variables (demographic, attitude, prior experience)
Gender (0, male; 1, female)b � 0.017 � 0.005 0.003 0.027
Age � 0.017 � 0.036 0.033 0.019
Education level 0.083† 0.075 � 0.028 � 0.025
Household size 0.082† 0.065 � 0.009 � 0.010
Location of home (0, rural; 1, urban) 0.092† 0.094� 0.016 0.016
Patience level 0.184�� 0.176�� 0.091� 0.088�

Climate change belief 0.152�� 0.150�� 0.048 0.064
Political orientation 0.165 �� 0.154�� 0.032 0.039
Online shopping satisfaction 0.157�� 0.163�� 0.094� 0.094�

Step 2: Experimental variable
Experimental condition ( 0, CG; 1, TG1) 0.209�� 0.211�� 0.213��

Step 3: Moderator variables (main terms)
Product category involvement 0.165 �� 0.238��

Online shopping involvement 0.059 0.076
BRiC 0.086† 0.038
SDF 0.395�� 0.533��

Step 4: Moderator variables (interaction terms)
Exp. Condition x Product category involvement � 0.105†

Exp. Condition x Online shopping involvement � 0.017
Exp. Condition x BRiC 0.045
Exp. Condition x SDF � 0.191��

DR2 0.145 0.043 0.237 0.029
R2 (R2

adj) 0.145(0.125) 0.187(0.167) 0.424(0.404) 0.453(0.428)

DF 7.444�� 20.679�� 40.230�� 5.181��

a Standardized regression coef�cients. n = 406.
b For statistical reasons, we excluded 6 respondents who did not disclose their gender or were non-binary.
†p < 0.1; � p < 0.05; �� p < 0.01
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Table 5 .10: Results for hierarchical regression analysis for basic logistics services
and a BYO service

Independent Variables Model 1a Model 2a Model 3a Model 4a

Step 1: Control variables (demographic, attitude, prior experience)
Gender (0, male; 1, female)b � 0.032 � 0.003 0.022 0.040
Age � 0.084† � 0.068 � 0.006 � 0.017
Education level 0.044 0.042 � 0.016 � 0.026
Household size 0.104� 0.095� 0.009 0.009
Location of home (0, rural; 1, urban) 0.143�� 0.121�� 0.045 0.041
Patience level 0.253�� 0.258�� 0.134�� 0.144��

Climate change belief 0.113� 0.087† 0.000 0.008
Political orientation 0.132 � 0.130� 0.023 0.038
Online shopping satisfaction 0.193�� 0.190�� 0.109�� 0.117��

Step 2: Experimental variable
Experimental condition ( 0, CG; 1, TG2) 0.246�� 0.254�� 0.255��

Step 3: Moderator variables (main terms)
Product category involvement 0.203 �� 0.215��

Online shopping involvement 0.096 � 0.050
BRiC 0.065 0.048
SDF 0.340�� 0.512��

Step 4: Moderator variables (interaction terms)
Exp. Condition x Product category involvement � 0.027
Exp. Condition x Online shopping involvement 0.099 �

Exp. Condition x BRiC 0.005
Exp. Condition x SDF � 0.258��

DR2 0.198 0.058 0.221 0.038
R2 (R2

adj) 0.198(0.180) 0.256(0.238) 0.478(0.459) 0.515(0.493)

DF 10.917�� 30.917�� 41.480�� 7.549��

a Standardized regression coef�cients. n = 407.
b For statistical reasons, we excluded 6 respondents who did not disclose their gender or were non-binary.
†p < 0.1; � p < 0.05; �� p < 0.01
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