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Abstract
Widespread cascades, such as bursts of individuals’ fame and popularity of products,
epidemics of diseases, and scientific paradigm shifts, strongly influence the dynamics
of our society. Therefore, predicting their starting points and sizes is crucial in designing and improving techno-social systems that deal with these critical phenomena.
More and more, scholars have become aware of the difficulty to predict future timeevolution of techno-social systems. In particular, the financial meltdown in 2008 has
made it difficult to ignore studies claiming that these systems are inherently unpredictable. The objective of this research is to study the predictability of the starting
points and size evolution of widespread cascades in techno-social networks. To this
end, I study the predictability of three widespread cascading phenomena: congestion
spreading in urban road networks, citation cascades of individual scientists’ publications, and bankruptcy cascades in interbank markets. These techno-social networks
were deliberately chosen to be different in order to reveal universal attributes (if any)
of widespread cascades. I use computer simulations to analyze traffic spreading in
urban road networks and bankruptcy cascades in the interbank market. Further,
I develop data-driven models to study citation cascades of scientists’ publications
using large bibliometric data sets. My research focuses only on spreading phenomena
triggered by the internal (endogenous) dynamics of the techno-social systems under
consideration. Even though the spreading processes studied here are very different,
the results of my study suggest that endogenous widespread cascades share the following attributes: I) Triggering events are hardly predictable. II) Cascades of any size
can occur endogenously. III) Post-trigger trajectories are predictable.
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Zusammenfassung
Ausgedehnte Kaskaden, wie z.B. die schlagartige Ausbreitung von individueller Berühmtheit oder der Popularität bestimmter Produkte, Krankheitsepidemien oder wissenschaftliche Paradigmenwechsel, beeinflussen die Dynamik unserer Gesellschaft
sehr stark. Der Vorhersage von Startpunkten und Größen dieser Kaskaden ist daher
von entscheidender Bedeutung für das Design und die Verbesserung von technischsozialen Systemen, die sich mit diesen kritischen Phänomenen befassen. Immer mehr
Wissenschaftler haben erkannt, dass die Vorhersage der zukünftigen Zeitentwicklung
von technisch-sozialen Systemen sehr schwierig ist. Insbesondere nach dem Finanzmarktcrash im Jahr 2008 lassen sich Studien, die argumentieren, dass solche Systeme
inhärent nicht vorhersagbar sind, nur schwer ignorieren. Das Ziel dieser Forschungsarbeit ist es die Vorhersagbarkeit von Startpunkten und der Größenentwicklung von
ausgedehnten Kaskaden in technisch-sozialen Systemen zu untersuchen. Dazu analysiere ich die Vorhersagbarkeit von drei ausgedehnten Kaskadenphänomenen: die
Ausbreitung von Verkehrsstau in städtischen Straßennetzwerken, Kaskaden von Zitaten wissenschaftlicher Publikationen individueller Wissenschaftler und Kaskaden
von Insolvenzen im Interbankenmarkt. Diese technisch-sozialen Systeme wurden
ganz bewusst so ausgewählt, dass sie unterschiedliche Eigenschaften haben, um
universelle Eigenschaften ausgedehnter Kaskaden aufzudecken (falls sie existieren).
Ich verwende Computersimulationen um die Verkehrsausbreitung in städtischen
Straßennetzwerken und Kaskaden von Insolvenzen im Interbankenmarkt zu analysieren. Desweiteren entwickle ich ein datengetriebenes Model um Kaskaden von
Zitaten wissenschaftlicher Publikationen mit Hilfe eines großen bibliometrischen
Datensatzes zu untersuchen. Meine Forschung konzentriert sich ausschließlich auf
Ausbreitungsphänomene, die von der internen (endogenen) Dynamik der betrachteten technisch-sozialen Systemen ausgelöst werden. Obwohl die Ausbreitungsprozesse,
die hier untersucht werden, sehr unterschiedlich sind, legen die Resultate meiner
Forschung nahe, dass endogene ausgedehnte Kaskadenphänomene die folgenden
ix
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Eigenschaften teilen: I) Der die Kaskade auslösende Trigger ist kaum vorhersagbar.
II) Kaskaden jeder Größe treten endogen auf. III) Die Trajektorien des Systems nach
einem Trigger sind vorhersagbar.
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1 Overview

Everyday we interact in many ways through social networks. Be it uploading a video
to youtube, coughing in public, or presenting latest scientific results at a conference.
Through the underlying networks, the effect of an actor’s behavior can widely spread.
Examples include bursts of popularity of youtube videos (Figueiredo et al., 2011;
Ratkiewicz et al., 2010), epidemics of diseases (Earn et al., 2000; Greenwood et al.,
1935; Hoppensteadt and Hoppensteadt, 1975; Hufnagel et al., 2004; Kermack and
McKendrick, 1932; Mollison, 1995; Moore and Newman, 2000; Yach et al., 2006), and
scientific paradigm shifts (Koschmann, 1996; Kuhn, 2010, 1996; Mazloumian et al.,
2011). Interestingly, even happiness (Fowler and Christakis, 2008), obesity (Christakis and Fowler, 2007; Mokdad et al., 1999), smoking (Christakis and Fowler, 2008)
and alcohol consumption (Rosenquist et al., 2010) exhibit widespread “contagious”
cascades.
Such widespread cascades in techno-social systems - i.e. complex systems (or networks) arising from the interplay between (complex) technological infrastructures and
human decision making - strongly influence the dynamics of our society. Therefore,
predicting their starting points and sizes is crucial in designing and improving technosocial systems that deal with these critical phenomena. The objective of this research
is to study the predictability of the starting points and size evolution of widespread
cascades in techno-social networks.
In this PhD thesis, I study the predictability of three widespread cascades in technosocial networks: congestion spreading in urban road networks, citation cascades of
individual scientists’ publications, and bankruptcy cascades in interbank markets.

1

Chapter 1. Overview
These techno-social networks were deliberately chosen to be different in order to
reveal universal attributes (if any) of widespread cascades.
More and more, scholars have become aware of the difficulty to predict future timeevolution of complex systems. In particular, the financial meltdown in 2008 has
made it difficult to ignore studies claiming that complex systems are inherently unpredictable (Chaitin, 1987; Sterman and Rykiel Jr, 1994). Other studies, however, suggest
that we might have a better predictability when trying to answer coarse-grained or
statistical questions about the future time evolution of these systems (Buchanan,
2005; Israeli and Goldenfeld, 2004). These studies compare complex systems with
many-particle physical systems, for which universal laws relate macro properties such
as temperature and pressure.
My research focuses only on spreading phenomena triggered by the internal (endogenous) dynamics of the techno-social systems under consideration. I show that even
without the impact of exogenous shocks (Buldyrev et al., 2010; Shao et al., 2011) or
unknown factors (Taleb, 2010), the complicated internal interactions between actors
and elements can potentially trigger widespread cascades.
Eventhough the spreading processes studied in this PhD thesis are very different, the
results of my study suggest that endogenous widespread cascades share the following
attributes:
1. Triggering events are hardly predictable.
2. Cascades of any size can occur endogenously.
3. Post-trigger trajectories are predictable.
After detecting a big enough structural change, post trigger trajectories become predictable (Figure 1.1). In addition, the time evolution of widespread cascades is only
predictable for a system observer with actor-level information on the values of the
identified key parameters. These data are usually available for studying congestion
spreading in road networks and citation cascades. In contrast, in interbank markets
such data are available to some actors such as the central bank, if at all.
The main challenge of the study of cascading effects relates to the scarcity of data. I
therefore use computer simulations to analyze traffic spreading in urban road net2

1.1. Low Predictability of Triggering Events

Y

Trigger occurs
Structural change
detected

Detection period
t1

Time

t2

Figure 1.1: Once a structural change is detected at time t 2 , post-trigger trajectories
become predictable.
works and bankruptcy cascades in the interbank market. Thanks to the availability of
large bibliometric data sets for my study, I furthermore develop data-driven models
to study citation cascades of scientists’ publications.

1.1 Low Predictability of Triggering Events
Where in the city will the next core of heavy traffic congestion occur?
Obvious causes of heavy traffic jams are car accidents (Boccara et al., 1999; Nagatani,
1994), adverse weather conditions (especially rain and snow) (Koetse and Rietveld,
2009; Rakha et al., 2008), commuting scenarios at peak hours (Gordon et al., 1991;
Salminen, 2000), and bottlenecks such as on-ramps and off-ramps (Diedrich et al.,
2000; Helbing and Treiber, 1998; Jia et al., 2004; Papageorgiou et al., 1989; Treiber and
Helbing, 1999; Treiber et al., 2000). Car accidents and adverse weather conditions
impose a low predictability on the starting location of the next traffic jams. In contrast,
commuting scenarios and bottlenecks trigger heavy congestions at peak hours in
well-known areas.
Our aim is to predict the location of the next rare heavy congestion when none of
these obvious causes (car accidents, adverse weather conditions, rush hours, or known
3
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bottlenecks) play a role. Both in empirical data and computer simulations, it has been
observed that for similar travel activities and traffic volumes, one day’s traffic dynamics
can be characterized by widespread and long-lasting congestion, while traffic flow is
barely or not at all affected on other days (Mazloumian et al., 2010). It is likely that this
property does not only follow from the network structure, but is also a consequence
of instabilities of traffic flows (Helbing, 2001; Helbing and Moussaid, 2009).
To predict the location of the next endogenously triggered heavy congestion, we
perform fluid-dynamical real-time simulations of the central part of large cities with
homogeneous traffic demand and road network topology (see Chapter 2).
Surprisingly, we observe that even at very low traffic volumes, cores of heavy congestions are very rare (in less than 1 out of 100 realizations) formed at a more or less
arbitrary location in the central part of a city. The homogeneity in traffic demands
and network topology assumed in the simulation scenarios reveals the absence of
predictability of the starting points of traffic jams of this type.
Who makes the next breakthrough in science?
Scientists credit each other’s work by citing them. Citation counts index the productivity and impact of scientists’ work (Bornmann and Daniel, 2009; Egghe and Rousseau,
1990; Garfield, 2006; Garfield and Merton, 1979). In this study, we use citations as a
measure of scientific impact in order to predict who is likely to publish the next highly
cited paper.
Nobel Prize winners can be well predicted based on citation counts (Ashton and
Oppenheim, 1978; Garfield, 1970). However, predicting Nobel laureates is much
simpler than predicting scholars who will publish future landmark papers, simply
because a Nobel laureate’s ground-breaking discovery usually happens decades before
the prize is awarded. In other words, predicting Nobel laureates is a question of
assessing past performance, but predicting the next breakthrough is a question of
future performance.
Although citation counts are taken into account for awarding post-doctoral fellowships
when assigning junior faculty positions and tenures (Bornmann and Daniel, 2005b;
Cohen, 2008; Lane and Bertuzzi, 2011; Lehmann et al., 2006), it remains unclear
whether citation-based indicators are appropriate measures to judge a scientist’s
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future research quality. Recent studies have partially measured the predictive power of
several citation indicators for scientists’ future citations (Hirsch, 2005, 2007; Lehmann
et al., 2006, 2008). However, due to the limited availability of data, these analyses have
been performed on small population of scientists, and hence cannot establish the
connection between past and future performance with confidence.
I therefore tested the assumption that citation counts are reliable predictors of future
success, analyzing complete citation data of the careers of 150, 000 scientists (see
Chapter 4). I considered a range of bibliometric indicators to assess scientists’ research
quality which reflected both productivity and impact.
The results show that past performance as measured by citation indicators do not
predict well the impact of future work. One should keep in mind, however, that apart
from the bibliometric measures, no better predictor of the impact of future work exists.
From which bank does the next cascade of bankruptcy start?
In the economic literature, three types of propagation of bank failures have been
studied. First, bank runs, known as self-fulfilling panic (Calomiris and Kahn, 1996;
Cowen and Kroszner, 1989; Diamond and Dybvig, 1983; Donaldson, 1992; Jacklin and
Bhattacharya, 1988). Second, asset price contagion (Allen and Gale, 2000; Edison et al.,
2000). Third, inter-locking exposures among financial institutions (Allen and Gale,
2000; Bartram et al., 2007; Battiston et al., 2007; Lorenz and Battiston, 2008; Thurner
et al., 2003).
Following the last line of research, we address interbank markets as potential contagion mechanism for liquidity crises, resulting in macro-economic outcomes such as
large-scale bankruptcies.
We model a three-sector economic system (considering the production of goods, the
provision of credit, and an inter-bank market), involving firms and banks (see Chapter
7). Using an agent-based approach, we model how information spreads through the
market and how dis-equilibrium adjustments take place. More precisely, we model
how firms and banks may enter the credit market and request loans from banks,
according to their economic situation.
Due to incomplete information when deciding on an investment risk and on the
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economic situation of the whole system, our results suggest that banks of almost any
size or interaction intensity can potentially be the starting point of the next cascade of
bankruptcies.

1.2 Endogenous Cascades of All Sizes
Can mysterious traffic gridlocks occur with identical traffic demands?
The main benefit of our simulation approach to study traffic is that we can set traffic
demands to identical values and control for all other factors when analyzing the
stability of urban-scale traffic.
When we talk about endogenous cascades, especially in our simulation models, only
certain factors are modeled and other factors are abstracted from. Our traffic model
has an underlying fluid-dynamic sub-model at the level of road sections, which guarantees the conservation of the number of vehicles. The intersections between road
sections are controlled by traffic lights. We are capable of simulating scenarios with
inhomogeneity of demand, e.g. commuting scenarios, and time-dependent scenarios,
where traffic volume changes over the day. Drivers’ trip generation and termination
are also modeled. Adverse weather conditions, random car accidents, incidents, and
road work are intentionally excluded.
For a wide range of vehicle densities and for various network traffic demands, we
measure the variability of flows and number of fully congested links in the network.
We observe that even for homogeneous traffic demands at low densities (35 vehicles
per hour), the network can reach a state of gridlock, albeit very rarely (see Chapter 2).
How big can the effect of publishing a landmark paper in a scientist’s future career
be?
According to the Matthew effect (Bonitz et al., 1997; Merton, 1968, 1988; Petersen
et al., 2011a), famous scientists receive an amount of credit for their work that may
sometimes appear disproportionate to their actual contributions, to the detriment of
younger or lesser known scholars. Therefore, how can a previously unknown scientist
establish a high scientific reputation and authority, if those who get a lot of citations
receive even more over time?
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Scientists’ landmark papers of course receive many citations in the years following
their publication. Interestingly, however, we find that the scientists’ overall body of
work enjoys a greater impact after the publication of a landmark paper. Not only
colleagues notice the ground-breaking paper, but the latter also draws attention to
older publications of the same author. Consequently, future papers have an impact
on past papers, as their relevance is re-assessed.
My study evaluates data for 124 Nobel Prize Laureates that were awarded in the last
two decades (1990-2009), which includes an impressive number of about 2 million
citations.
For all Nobel Prize Laureates, and other internationally established experts, I find
peaks in the changes of citation rates over time. These peaks can be always attributed
to landmark papers, which reached hundreds of citations over the period of a decade.
Such landmark papers are rare even in the lives of the most excellent scientists, but
some authors have experienced multiple peaks.
To characterize the peaks in the changes of citation rates, we introduce an index,
which we call boost factor. The boost index quantifies the effect of a landmark paper
on previously published papers, i.e., how much a significant paper draws the attention
of the scientific community to the focal scientist’s previous works. The highest values
of the boost factors in scientists’ careers exhibit a power-law distribution (see Chapter
5), which explains why a few innovative papers can succeed against the Matthew effect.
How big can bankruptcy cascades resulting from endogenous economic cycle of
booms and recessions be?
I first explain which market mechanisms are taken into account in our economic
model. Our model consists of three interdependent systems (interconnected networks): goods, credits, and inter-bank market. It represents a sequential economy
populated by a large number of firms and banks. In the goods market, output is
demand driven, that is firms, given their production constraints, sell as much output
as the market can absorb. Incomplete information about the market potential can
generate a gap between the firms’ expected and realized demand. In this disequilibrium scenario, supply does not (necessarily) match aggregate demand. Therefore, the
goods market may get out of equilibrium. Our model is able to generate unexpected
endogenous perturbations of the revenues of firms, which may lead to negative profit.
7
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To meet their expected demand, companies make investments using the credit market.
The amount of credit requested by firms is related to their investment expenditures,
which is thus dependent on their expected demand, interest rate and firm’s economic
situation. Although companies in our model initially start with the same amount
of capital and cash, trading generates a fat tail distribution of their size. This is in
accordance with the empirical evidence that in real industrialized economies market
participants are very heterogeneous in dimension. The primary function of bank
activity is to lend loans to firms, as this is their way to make money via interest rates.
When consulted by companies, after analyzing the credit risk, banks may grant the
requested loan when they have enough supply of liquidity. However, since banks
adopt a system of risk management based upon an equity ratio, companies may not
always receive the requested loans, even if banks have enough liquidity. If consulted
banks do not have enough liquidity to lend, they can enter the interbank market in
order not to lose the opportunity to earn on investments of firms.
In our simulations, we observe that, for various levels of risk-sharing between banks
through the interbank market, endogenous cascades of bankruptcies may occur for
a large proportion of banks. Our results are in contrast with Allen and Gale’s earlier
study, which found very little influence of risk sharing on global vulnerability (Battiston et al., 2012a; Cocco et al., 2009; Gai and Kapadia, 2010b; Hale, 2012). However, they
are in line with the strong evidence that has been collected after the default of Lehman
Brothers, showing that interbank linkages may create systemic risks through a high
probability of generating a cascading effect (Battiston et al., 2012b; Castiglionesi and
Navarro, 2008; Wagner, 2010).

1.3 Post-Trigger Trajectories Are Predictable
What are the traffic parameters characterizing the severity of congestion spreading in road networks?
Traffic flow theory has relied for decades on so-called “fundamental laws” for example
the relationship between between traffic flow and vehicle density. However, while
working well for highway traffic flows, such laws are not sufficient to describe the
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entire complexity of traffic flows in urban road networks. Based on empirical data,
recent studies have discovered macro-patterns in urban-scale traffic (Ardekani and
Herman, 1987; Geroliminis and Daganzo, 2008; Godfrey, 1970; Olszewski et al., 1995).
However, these patterns might not be universal (Buisson and Ladier, 2009; Daganzo,
2007).
I have studied the aggregate relation between average network flow and average densities in different simulation runs to find out, whether there exists a well-defined
relationship between them. It turns out that one must also consider the spatial
variability of the vehicle density to obtain a clear functional relationship. This functional relationship holds across various simulation scenarios with daily trips and
time-dependent densities.
Hence, I find three key network-level parameters (average density, average flow, and
the standard deviation of the number of vehicles) that explain congestion spreading
in road networks. Furthermore, for various topologies and traffic volumes I can describe how congestion cores grow within the road network and how severe a traffic
breakdown would be. The numerical results can be understood as effect of spill-over
effects, when single road sections are fully congested, and that these spill-over effects
cause congestion cascades. An additional factor determining the vehicle dynamics
are the traffic light control policy and the daily traffic demand. We therefore study the
role of traffic light control and the counter-intuitive “slower-is-faster” effect, where a
delayed switching between road sections served by a traffic light reduces the average
travel times (see Chapter 3).
How well can we predict the dynamics of citation cascades of individual scientists
after being triggered?
Building on previous work (Fu and Aliferis, 2008; Ibáñez et al., 2009; Lokker et al., 2008;
Perlich et al., 2003), I have also investigated how well one can estimate future citations
of scientists’ already published papers. In a sense, I try to estimate an aggregation of
citation trajectories of the already published papers of authors over a certain period
of time (1 to 10 years).
I compare the effectiveness of 10 citation indicators, namely the number of papers, the
total number of citations, the career length, the average number of published papers
per year, the average annual citations, the h index, the m index, and the g index. Here,
9
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a scientist’s h index value is defined as maximum of the number of papers, which
have received at least h citations. The m index is defined as a scientist’s h index value,
divided by the time elapsed since the first publication. A scientist’s g index value is
the highest number g of papers that receives g 2 or more citations.
I show that the annual citations C y at the time of prediction accurately predicts future
citations of a scientist’s published papers, and that including the remaining 9 indicators increases the explained variance only by a small amount. More specifically, for the
published papers, C y explains 80% of the variance of future citation in the following
year. Its predictive power naturally decays over longer time horizons, but C y explains
65% of the variance of future citations of past papers over a 10-years time period.
Adding the remaining 9 indices increases the explained variance from 80% to 83% over
one year, and from 65% to 74% over 10 years. Finally, geo-locations plays an important
role in the citation dynamics between cities, countries, and continents (see Chapter 6).
How does risk-sharing in an interbank market affect bankruptcy cascades in bad
economic situations?
We find two mechanisms which can amplify bankruptcy cascades in our model. When
deciding about granting a loan or not, a bank considers the investment risk and finally
decides whether to offer the requested loan, and how to set the interest rate. However,
if one or more firms are not able to pay back their debts to the bank, the bank’s balance
sheet deteriorates. To improve its own situation, the bank can rise its interest rate
offered to other firms, which may cause further defaults of firms. As this may cause a
shortage of liquidity, banks may enter the interbank market, but the possible failure of
a borrower bank may lead to the failure of lender banks. In other words, the source of
a cascading effect may, on the one hand, be an indirect interaction between bankrupt
firms and their lending banks through the credit market or, on the other hand, a direct
interaction between lender and borrower banks through the interbank market.
The originality of our work compared to existing research on the topic (Battiston et al.,
2012b) lies in the investigation of three interacting markets influencing each other. In
this way, we can study the impact of sharing and systemic risk not only on the agents’
dynamics such as their financial fragility, but also on the business cycle and economic
growth. We observe that systemic risk outweighs the advantages of risk sharing, if
interdependencies between firms and banks through loans are large. Replicating the
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results of an earlier contribution (Iori et al., 2006), we find that the root of avalanches
lies in the agents’ heterogeneity. In particular, in agreement with empirical studies,
my simulation results show that the degree of contagion depends on the size of losses
imposed by failing debtor banks on creditor banks in the system. Moreover, my findings suggest that financial crises are characterized by the procyclicality of leverage
across financial institutions.

1.4 Thesis Structure
Besides this introductory chapter, my cumulative PhD thesis is comprised of the
following six chapters, representing articles accepted or published by peer-reviewed
journals:

Chapter 2: Mazloumian, N. Geroliminis, and D. Helbing (2010) The spatial variability
of vehicle densities as determinant of urban network capacity. Phil. Trans. R. Soc. A,
368(1928):4627-4647, doi:10.1098/rsta.2010.0099
We explain our findings on congestion spreading in road networks. We show how
mysterious gridlocks may occur with low predictability regarding their starting points.
We also determine the key parameters to explain the traffic situation in a city.

Chapter 3: D. Helbing and A. Mazloumian (2009) Operation regimes and slower-isfaster effect in the control of traffic intersections. The European Physical Journal B,
70(2):257-274, doi:10.1140/epjb/e2009-00213-5
We develop a adoptable self-organized traffic light policy, which is crucial to deal
with the low predictability of heavy congestion. In addition, we study the puzzling
“slower-is-faster” effect, where a delayed switching between road sections served by a
traffic light reduces the average travel times.

Chapter 4: A. Mazloumian (2012) Predicting scholars’ scientific impact. PLoS ONE,
7(11):e49246, doi:10.1371/journal.pone.0049246
We show by analyzing citation data on the career of 150,000 scientists that future cita11
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tion trajectories of scientists’ already published papers can be accurately predicted.
On the other hand, citations of future work are hardly predictable by existing citation
metrics.

Chapter 5: A. Mazloumian, Y.-H. Eom, D. Helbing, Sergi Lozano, and S. Fortunato
(2011) How citation boosts promote scientific paradigm shifts and Nobel prizes. PLoS
ONE, 6(5):e18975, doi:10.1371/journal.pone.0018975
We evaluate data for 124 Nobel Prize laureates that were awarded in the last two
decades. It reveals that publishing a landmark paper can have a huge effect on the
citations of the scientist’s previously published work. Moreover, we introduce the
boost index to quantify this effect.

Chapter 6: A. Mazloumian, D. Helbing, S. Lozano, R. P. Light, and K. Börner (2013)
Global multi-level analysis of the ‘Scientific Food Web’. Accepted in Nature Scientific
Reports
We represent a global view of the citation dynamics across cities, countries, and continents. Moreover, we identify global sources and sinks of knowledge production.

Chapter 7: G. Tedeschi, A. Mazloumian, M. Gallegati, and D. Helbing (2013) Bankruptcy
cascades in interbank markets. in press
We provide a qualitative model of bankruptcy cascades in interbank markets. In addition, we study the impact of sharing and systemic risk not only on agents’ dynamics,
but also on the business cycle and economic growth.
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2 The Spatial Variability of Vehicle
Densities as Determinant of Urban
Network Capacity
2.1 Abstract
Due to the complexity of the traffic flow dynamics in urban road networks, most
quantitative descriptions of city traffic so far are based on computer simulations. This
contribution pursues a macroscopic (fluid-dynamic) simulation approach, which
facilitates a simple simulation of congestion spreading in cities. First, we show that
a quantization of the macroscopic turning flows into units of single vehicles is necessary to obtain realistic fluctuations in the traffic variables, and how this can be
implemented in a fluid-dynamic model. Then, we propose a new method to simulate
destination flows without the requirement of individual route assignments. Combining both methods allows us to study a variety of different simulation scenarios. These
reveal fundamental relationships between the average flow, the average density, and
the variability of the vehicle densities. Considering the inhomogeneity of traffic as an
independent variable can eliminate the scattering of congested flow measurements.
The variability also turns out to be a key variable of urban traffic performance. Our
results can be explained through the number of full links of the road network, and
approximated by a simple analytical formula.

2.2 Introduction
Traffic flow theory has relied for decades on fundamental laws, some of which were
inspired by analogies with fluid flows, electrical currents and the like. These laws are
usually based on fundamental indicators (speed, density and flow) and describe how
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they are linked together. The most common relationship is called the "fundamental
diagram", according to which the flow increases with the vehicle density up to the
capacity of the road, and then it decreases down to zero, when the road is congested.
This diagram is used to characterize the "regimes" of traffic flow (free or congested)
in a specific road location or one link, and it was first studied by Greenshields (1935).
Designed primarily for highway traffic flows, such laws are not sufficient to describe
the entire complexity of traffic flows in urban road networks. Besides, the flows
show a significant scattering, especially in the congested regime (Kerner, 1998; Tu,
2008). Nevertheless, by aggregating the highly scattered plots of flow vs. density from
individual fixed detectors, it was empirically found for the city of Yokohama that a
Macroscopic Fundamental Diagram (MFD) with low scattering exists, which links
space-mean flow and density (Geroliminis and Daganzo, 2008).
The first instance of a macroscopic fundamental diagram (MFD) showing an optimum
car density was presented by Godfrey (1970). Earlier studies looked for macro-scale
traffic patterns in data of lightly congested real-world networks (Ardekani and Herman,
1987; Godfrey, 1970; Olszewski et al., 1995) or in data from simulations with artificial
routing rules and static demand (Mahmassani and Peeta, 1993; Mahmassani et al.,
1987; Williams et al., 1987). However, the data from all these studies were too sparse
or not investigated deeply enough to demonstrate the existence of an invariant MFD
for real urban networks. Support for its existence has been given only very recently
(Geroliminis and Daganzo, 2007, 2008). These references showed that

• the MFD is a property of the network itself (infrastructure and control) and not
of the demand, i.e. the MFD should have a well-defined maximum and remain
invariant when the demand changes both with the time-of-day and across days
and
• the space-mean flow is maximum for the same value of critical vehicle density,
independently of the origin-destination tables.

To evaluate topological or control-related changes of the network flows (e.g. due to a
re-timing of the traffic signals or a change in infrastructure), Daganzo and Geroliminis
(2008) and Helbing (2009) have derived analytical theories for the urban fundamental
diagram, using a density-based and a utilization-based approach respectively. Curves
derived from both theories fit the data obtained from the Yokohama experiment well
14
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(Daganzo and Geroliminis, 2008; Helbing, 2009).
Despite these and other recent findings supporting the existence of well-defined
macroscopic fundamental diagrams (MFDs) for urban areas, it is not obvious whether
the MFDs would be universal or network-specific. More real-world experiments are
needed to identify the types of networks and demand conditions, for which invariant
MFD’s with low scatter are found. Daganzo (2007) argued that if the traffic conditions
change slowly with time, a MFD should exist for networks with a homogeneous spatial
distribution of congestion. However, Buisson and Ladier (2009) showed with real
data from a medium-size French city that heterogeneity has a strong impact on the
shape/scatter of a MFD, that may not even remind of a MFD in some cases, e.g. for
freeway networks under non-recurrent conditions.
Congestion in urban traffic networks is by nature unevenly distributed in space. This
is because of spatial inhomogeneity

• in demand (some parts of the network attract or generate more trips than
others),
• in road infrastructure (some routes in the network have more lane-miles) and
• in control (different types, among them traffic signals and stop signs, and different control settings within each type, e.g. offsets or green times of successive
signals).

Both, in empirical data and computer simulations, it has been observed that traffic
conditions may significantly vary for similar travel activities and traffic volumes. That
is, one day’s traffic dynamics can be characterized by widespread and long-lasting
congestion, while traffic flow is barely or not at all affected on other days, despite
similar origin-destination flows (Bernard and Axhausen, 2007). It is likely that this
property does not only follow from the network structure, but is also a consequence
of instabilities of traffic flows (Helbing, 2001; Helbing and Moussaid, 2009; Helbing
et al., 2009).
To address such questions, it is common to use computer simulations of urban traffic
flows (Axhausen and Gärling, 1992; Biham et al., 1992; Bretti et al., 2007; Charypar
and Nagel, 2005; Daganzo, 1994; De Martino et al., 2009; Herrmann, 1996; Herty et al.,
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2006; Klar and Wegener, 1998; Lämmer et al., 2008; Ma and Lebacque, 2009; Nagel
and Schreckenberg, 1992; Padberg et al., 2009; Schadschneider and Schreckenberg,
1993). However, the frequency and evolution of flow breakdowns and congestion
spreading processes are still poorly understood, probably because of the interplay
between topology and dynamics (Zhao et al., 2005). This applies both to the local level
where congestion originates, as well as to the network level in terms of how it spreads.
In this paper, we are investigating how the inhomogeneity in the spatial distribution of
car density affects the shape, scatter and even the existence of a macroscopic relation
between the average flow and vehicle density in urban networks. As data availability
from cities is limited, we are following a simulation-based approach to study a range of
scenarios. The main contributions of this paper are (i) the introduction of innovative
modeling techniques, namely (i) a macroscopic flow quantization, (ii) a memoryless
traffic flow routing, and (iii) a better understanding of the urban-scale macroscopic
fundamental diagram. Our routing method does not require origin-destination tables
and complicated routing decisions or route assignment, which are necessary in most
urban microsimulation models. In addition, by applying the flow quantization, we are
able to reproduce a realistic variability of network flows even for the same average car
density. Moreover, we discover the variability as a key variable of urban traffic flows,
which reveals clear functional relationships rather than producing large data clouds
for congested traffic.
Our results emphasize that the spatial aggregation of traffic variables cannot guarantee
a well-defined relationship between the average density and flow, especially when the
network is congested. We observe that for the same average density of vehicles in the
network and the same assumptions regarding the origin-destination flows, there is a
wide variation of possible average network flows, potentially even ranging from free
flow to gridlock. A key component in all cases is the spatial variability of congestion at
a specific time, as expressed by the standard deviation of density among all links. The
degree of spatial inhomogeneity is highly correlated with the number of full links in
the network. Each full link prevents upstream links from discharging vehicles.
After describing the main modeling components of our simulator in Section 2.3,
we will start in Section 2.4 with the investigation of a macroscopic fundamental
diagram for networks with invariant density over time without trip generation or trip
termination. Vehicles are moving randomly in the network and turn in a memoryless
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sections have the same length L of 200 metres and a two-phase fixed-cycle traffic
signal setting with the same green time period g of 30 seconds and an amber plus
red time period of 36 seconds (i.e. a cycle length C of 66 seconds). As drivers have
different driving characteristics, their response to perfectly time-coordinated signals
is not ideal. Therefore, we added some stochasticity to traffic light offsets, to imitate
adaptive green wave schedules. The offset at each signal is randomly selected from a
uniform distribution with an average, which is equal to the value that creates a “green
wave” and minimizes the delays during light traffic conditions. That is, on average the
green phase at a downstream intersection starts L/V 0 seconds after the one upstream,
where V 0 is the free flow speed.

2.3.1 Underlying Dynamics
The dynamics of the traffic flow in the road network is determined by the sectionbased traffic model (Helbing, 2003; Helbing et al., 2007). The model exhibits significant
features of traffic flows such as the conservation of vehicles, jam formation, and
spillovers.
As illustrated in figure 2.2, the fundamental diagram along individual road sections
is approximated by a triangle with two characteristic speeds: the desired speed of
vehicles or speed limit V 0 , and the resolution speed c 0 of traffic jams (Helbing, 2003).
For any road section, the model calculates the temporal evolution of the arrival flow
A(t ), the departure flow O(t ), and the location l (t ) of the upstream jam front, considering the “permeability” γ(t ) (reflecting the traffic signal) and the turning factors
αi (t ). More specifically, the turning factor αi (t ) indicates what fraction of the outflow
is turning left or right, depending on the respective intersection (see figure 2.1). Due
to vehicle conservation, 1 − αi (t ) is the fraction of vehicles moving straight ahead into
the next downstream road section. The maximum arrival flow of a road section is
b if the road section is not fully congested. it is given
limited by the maximum flow Q,
by its departure flow at time t − L/c, where L denotes the length of the road section:

Qb
if l (t ) < L,
b )=
0 ≤ A(t ) ≤ A(t
O(t − L/c) if l (t ) = L.

(2.1)

b
Similarly, the departure flow of a road section is bounded to the maximum flow Q,
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As illustrated in ﬁgure 2, the fundamental diagram along individual road sections is approximated by a triangle with two characteristic speeds: the desired speed
of vehicles or speed limit V 0 , and the resolution speed c0 of traﬃc jams (Helbing
2003).there
For are
any some
road delayed
section, vehicles
the model
temporal
evolution
of the
when
∆Ncalculates
> 0. But the
when
no vehicle
is delayed
by
arrival ﬂow A(t), the departure ﬂow O(t), and the location l(t) of the
upstream
0
0
congestion,
the departure
is given by the
arrival
flow at the
timetraﬃc
t −L/V
, where
jam front, considering
theflow
“permeability”
γ(t)
(reﬂecting
signal)
andL/V
the
Morethe
speciﬁcally,
the turning factor αi (t) indicates what fracisturning
the freefactors
travel α
time
road section:
i (t).along
tion of the outﬂow is turning left or right, depending on the respective intersection

(see ﬁgure 1). Due to vehicle
conservation,
1 − α (t) is the fraction of vehicles mov A(t
− L/V 0 ) if ∆N (ti ) = 0,
ing straight
ahead
into
the
next
downstream
road section. The maximum arrival
b
0 ≤ O(t ) ≤ O(t ) = γ(t )
(2.2)
Qb by the maximum
 if the road section is not
ﬂow of a road section is limited
if ∆N (t )ﬂow
6= 0. Q,
fully congested. it is given by its departure ﬂow at time t − L/c, where L denotes
the
length ofofthe
road section:
The number
delayed
vehicles ∆N (t ) in the above equation evolves according to


if l(t) < L,
∆N (t )
 = Q
0
0
≤
A(t)
≤
A(t)
(2.1)
= A(t − L/V ) − O(t ).
(2.3)
O(t − L/c) if l(t) = L.
t

Similarly,
the departure
ﬂow
of aatroad
section is bounded
to the
maximum
ﬂow Q,
In
order to represent
a traffic
light
an intersection
serving two
flows,
the permeability
when
there
are some
delayedisvehicles
ΔN > the
0. But
when
no while
vehicle
delayed by
γ(t
) of the
served
road section
set to 1 during
green
phase,
theispermeability
congestion, the departure ﬂow is given by the arrival ﬂow at time t − L/V 0 , where
of
the0other
set totime
0 when
thethe
traffic
is red. Apparently, during switching
L/V
is theone
freeistravel
along
roadlight
section:
intervals (amber times), both permeabilities
are set to 0.

A(t
−
L/V 0 ) if ΔN (t) = 0,
 = γ(t)
(2.2)
0 ≤ O(t) ≤ O(t)

Q
if ΔN (t) = 0.
19
Article submitted to Royal Society

Chapter 2. Spatial Variability of Vehicle Densities and Urban Network Capacity
b ) and O(t
b ), one can
After computing the maximum arrival and departure flows A(t
determine the actual departure flow of a road section (which determines the actual
flows of the two following road sections). This is done by restricting it to the maximum
arrival flows of the two following road sections.
In our computer simulation, we consider a triangular fundamental diagram with
characteristic speeds V 0 = 50km/h and c 0 = −14.28 km/h, and a maximum density κ
of 140 vehicles/km.

2.3.2 Flow Quantization
In the previous section, we explained the dependency of the arrival and departure
flows of road sections on the time-dependent turning factors αi at intersections. Here,
we assess the temporal dynamics of the turning factors. The first question is: On what
time scale do we have to model the change of turning factors? At first glance, the
cycle time of traffic lights seems to be a good choice. To test this, we have simulated
a uniform demand in our network by changing the turning factors at the beginning
of each service cycle. For example, one may assume equal probabilities of flows to
continue straight or turn at all intersections. Then, the averages of the turning factors
α1 (t ) and α2 (t ) at any intersection would be 0.5 over a long enough interval of time.
We have studied three variants of turning factors:

1. Deterministic: Outflows of all road sections are time-independent and evenly
distributed among the following road sections αi = 0.5.
2. Random with low variability: For any road section, in the beginning of each
traffic cycle, the turning factor αi (t ) is chosen uniformly at random in the
interval [0.25, 0.75].
3. Random with high variability: The turning factor αi (t ) of any road section is
chosen uniformly at random in the interval [0, 1] in the beginning of each service
cycle.

We have simulated 500 realizations for each of the three cases and for a range of fixed
average densities. The results of the simulation are illustrated in figure 2.3, which
shows the macroscopic fundamental diagrams, i.e. the relationship between the
20
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To deal with turning factors, we propose a new method based on flow discretization,
as conjectured by Helbing (2005):
1. In agreement with microscopic models, it is assumed that the outflow does not
simultaneously take both directions. We rather assume that the outflow either
turns or continues straight ahead, corresponding to binary values {0, 1} of αi (t ).
2. The flow direction is decided for each equivalent of one vehicle, i.e. we quantisize the outflow into units of single vehicles.
3. The outflow of any road section may be interrupted because of a red light or the
spillover of the road section in the chosen direction. In both cases, the decision
for the direction of outflow does not change, and the considered road section is
blocked, i.e. vehicles cannot leave the road section anymore for some time.
To be comparable with the previous analysis of constant average turning frequencies,
vehicles choose their flow direction by tossing a fair coin. As shown in figure 2.3(d),
our method leads to a realistic macroscopic fundamental diagram for uniform travel
demand: We observe that, even if the turning factors are balanced, if the initial
distribution of traffic is homogeneous, and if the traffic signals are controlled in
the same way, congestion does not distribute homogeneously in the network, as is
well-known from reality. In Section 2.4, we analyze the properties of the resulting
macroscopic fundamental diagram in more detail.

2.3.3 Route-Choice
Besides developing a new flow quantization technique, we have so far described, how
a uniform demand in a network can be simulated. However, a dominant factor for
the formation of urban-scale congestion is the inhomogeneous distribution of traffic
demand throughout the network. For instance, during commuting hours, there is a
higher density of traffic around workplaces. Therefore, we need a mechanism to direct
pre-defined fractions of flows to destination areas in order to simulate inhomogeneous
demand. This goal is not trivial, as our model does not include origin-destination
tables for vehicles. We will therefore propose now a simple routing protocol capable
of simulating scenarios with multiple destination areas and inhomogeneous traffic
demands. Despite its simplicity, our method approximates a shortest-path type of
22
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route-choice towards destination areas with a minimum number of turns at intersections.
For illustration let us consider two types of vehicles. The first type represents vehicles
with homogeneous demand throughout the network, while the second type steer
towards specific destination areas. However, since we do not distinguish individual
vehicles from each other, route-choices cannot be assigned to vehicles. Assuming that
vehicles of both types are distributed everywhere in the network, our problem reads
as follows: How can a fraction of outflow of any road section be routed to a specific
destination area? By periodic assignment of routes to the outflow of road sections
proportionally to the demand of the destination areas, the problem translates into the
following one: At each intersection, in which direction does a vehicle with a certain
destination area drive? To be specific, if 20% of vehicles in the network are routed to
a specific destination area, 1 out of 5 vehicles of the outflow of any road section is
routed towards the destination area, while the other 4 are routed to other destination
areas or choose direction randomly in our simulation.
Consider a destination area D with the shape of a square and let the network be
partitioned into 9 regions, as marked by different letters in figure 2.4(a). The simulation
scenario consists of 4 regions in the corners (marked by A), 4 regions adjacent to the
boundaries of the destination area (marked by B ), and the destination area itself
(marked by D). To reach the destination area D, we can apply the following rule
of thumb: Drive straight, unless the Manhattan distance to the specified destination
area increases. Assuming an ordered numbering of the rows and columns of the
network, the Manhattan distance between two intersections is obtained by summing
up the absolute values of their row difference and column difference. The minimum
distance that a vehicle can traverse to reach the destination area is at least its minimum
Manhattan distance to the boundaries of the destination area. This is due to the fact
that vehicles move parallel or orthogonal to the boundaries. Note that the trip length
can be larger by the length of one road section for vehicles moving in the opposite
direction of the destination area, which requires a turn at the nearest intersection.
There are slight variations of our routing rule in different regions:

• Vehicles that drive in the corner regions (marked by A in figure 2.4(a)) only turn
if driving straight increases their Manhattan distance, while turning decreases
23
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their distance to the destination area. By distance we mean the minimum
Manhattan distance to the boundaries of the destination area. All vehicles in
this region drive straight until they reach a neighbouring region (marked by B
in figure 2.4(b)).
• Vehicles driving in the neighbouring regions (marked by B in figure 2.4(a)),
drive straight, if their direction of movement is orthogonal to the boundaries.
Otherwise, if a vehicle is driving parallel to the boundaries, driving straight
decreases its distance to some of the intersections in the destination area and
increases its distance to those it passes in parallel. In this case, we set the
probability of turning towards the destination area proportional to the number
of nodes in the destination area for which the distance is decreased by turning
(see figure 2.4 for a concrete example). In this way, for any vehicle that drives
from an A-region to a B -region toward a n × n destination area, there are n/2
choices to turn towards the destination area. Therefore, the probability to
turn towards the destination area is 2/n at its first intersection in B , while the
probability of turning is 1 if it reaches the other boundary.
• Vehicles that reach the destination area choose their direction randomly to
simulate a homogeneous demand.
• At the intersections on the boundary of the network, vehicles choose their
direction randomly. A vehicle that leaves the network from one side, enters it
again from the other side.

In figure 2.4(b), 20% of vehicles are routed towards the destination area. Vehicles with
destination D turn towards their destination just in B -regions, in which the direction
towards the destination area is chosen with a higher probability. Therefore, B -regions
are more congested than A-regions.

2.4 Macroscopic Fundamental Diagram
Let us denote by q i and n i the flow and the number of vehicles on link i during the
time period of a signal cycle. We are interested in the aggregate patterns produced by
these variables at the network level. To this end, we define the average network flow
24
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the global standard deviation of the number of vehicles among all links in the network
by S and the number of full links in the network by F . A full link is related with high
levels of congestion, because it blocks the departures from upstream links and thereby
significantly decreases the upstream vehicle flow. Each full link blocks the outflow of
Spatial Variability of Densities and Urban Network Capacity
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average network density (less than 30 vehicles/km), the network flows stabilize at a
characteristic value which is invariant over time and varies little among simulation
runs. Note that the stabilization threshold of 30 vehicles/km is slightly smaller than
the value of the network density that maximizes the network flow (35 vehicles/km).
For very high values of density (greater than 120 vehicles/km), the network reaches
a state of gridlock very quickly, and congestion cannot be dissolved. However, for
intermediate values of the network density, we observe a high level of variability. For
example, for an average density of 60 vehicles/km, the flow decreases from 500 vehicles/h after one hour of simulation to 250 vehicles/h after 2 hours and less than
100 vehicles/h after 3 hours. It is clearly visible, that the network consistently leads to
smaller flow as time passes. Note also that, for densities higher than 70 vehicles/h, the
network reaches a state of gridlock after 2 hours in the great majority of runs.
This high variability of network flows, especially when the network density is at the
critical value that (sometimes) maximizes flow, deserves further investigation in the
following and implies important questions: Why does the traffic situation significantly
vary from one day to another even if travel demand is similar? How often should we
expect a traffic collapse and congestion spreading? What variables would facilitate a
better description of the severity of traffic congestion? Can we obtain any functional
relationship between the capacity and other key variables rather than having a large
scattering describing congested traffic phenomena?
To learn more in this direction, we further analyze the aforementioned simulation
data and plot histograms of the network flows at different times during the computer
simulation for a range of different densities. These histograms shed more light on
the density range for which the variability of flow is crucial. Figure 2.6 shows flow
histograms for network densities of 35, 40, 45 and 50 vehicles/km after 1 and 3 hours
of simulation time. The density values are commonly observed in congested city
centers worldwide. While the probability of network failure (as reflected by flows
much smaller than capacity) is negligible for a network density of 35 vehicles/h, this
probability is significant for higher densities. For example, we observe an almost
uniform distribution of flows between zero and 600 vehicles/h for a density of 45
vehicles/km after 3 hours of simulation, while for a network density of 50 vehicles/km,
the histogram is skewed left. Given the fact that congested periods in city centers
last long (e.g. the speed in the city center of Yokohama remains less than 8 km/h for
about 5 hours each weekday, (Geroliminis and Daganzo, 2008), an explanation of the
27
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rather than having a large scattering describing congested traﬃc phenomena?
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planation of the empirically observed ﬂow variability would provide useful insights
to develop more eﬃcient control strategies in the future. These results also suggest
that macroscopic fundamental diagrams should be network speciﬁc.
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2.4. Macroscopic Fundamental Diagram
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It is not difficult to estimate the maximum value of S for a given vehicle density K . It
occurs when almost all vehicles are in fully occupied links that create spillbacks and
do not allow any outflow. During gridlock (with almost zero flow), the number of full
links can be approximated as F max ≈

MK
κ

, where κ denotes the maximum density and
29
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flow and the number of vehicles in each link are continuous variables, we assume that
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4. Simulations with Trip Generation and Termination
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value is approximately equal with the value of the slope for K = 80 vehicles/km. For
31

Chapter 2. Spatial Variability of Vehicle Densities and Urban Network Capacity
smaller densities, the slope is expected to be higher, because delays at traffic signals
are smaller, and vehicles do not necessarily stop at every signal, i.e. they can travel
more than one link per cycle.
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Figure 10. Traﬃc simulation with a 1 km × 1 km destination area located in the center of a

Figure 2.10: Traffic simulation with a 1km × 1km destination area located in the center
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that gridlock occurs within a short time also when a small fraction of vehicles are
32
routed to a destination area. This is because of the fast accumulation of vehicles in
the road sections around and inside the destination area. To remove vehicles from
the links in the destination area and free them for vehicles that want to enter it,
we still have to model trip termination. In this section, we will keep the number
of vehicles in the network constant. This is implemented by adding a vehicle to a
random link (trip generation) for each removed vehicle in the destination area. In

2.5. Simulations with Trip Generation and Termination
a uniform demand, many different spatial distribution of congestion occur due to
the randomized turning of vehicles. However, would this also be true if the spatial
distribution of congestion was more predictable? We will now simulate such traffic
conditions by directing a fraction of vehicles in the network towards a destination
area, so that the vehicles concentrate around the destination area. Will the standard
deviation of the number of vehicles among links still a determinant of the average
network flow when the demand is non-homogeneous? We find that gridlock occurs
within a short time also when a small fraction of vehicles are routed to a destination
area. This is because of the fast accumulation of vehicles in the road sections around
and inside the destination area. To remove vehicles from the links in the destination
area and free them for vehicles that want to enter it, we still have to model trip
termination. In this section, we will keep the number of vehicles in the network
constant. This is implemented by adding a vehicle to a random link (trip generation)
for each removed vehicle in the destination area. In the next section, we will finally
study scenarios with a varying number of vehicles in the network.
We model trip termination by setting a fixed probability of removal of vehicles for the
road sections inside the destination area. The removal is made from the quantisized
outflow from the road sections. This implies that no vehicle is removed from a blocked
road section, as in reality. If vehicles with different destinations are well-mixed with
the same ratio everywhere, there is the following relationship between the fraction of
vehicles which are routed to the destination area and the trip termination probability:
If the fraction r of the vehicles in the network are routed to the destination area, the
fraction 1 − r of the total inflow of the destination area should leave the destination
area. This, gives us the possibility to calculate the trip termination probability p as
a function of the fraction r and the size of the destination area. The probability that
a vehicle enters and leaves the destination area after traversing n road sections is
(1 − p)n . Therefore, the average of the probability of leaving the destination area is
(1 − p)n = 1 − r,

(2.8)

where the average is performed over many vehicles with different path lengths n. As
the path length n is independent of the travel times along the road sections, and
the termination probability p can be numerically calculated by simulating random
walkers which traverse one link per step. To check whether equation (2.8) is satisfied,
we measure the path lengths of many random walkers. More specifically, each random
33
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walker starts a trip from a random intersection on the boundary of the destination
area, chooses random directions at intersections, and traverses links until it leaves the
boundary again. Our results show that, for a 5 × 5 destination area, if 1 vehicle out of u
vehicles from the outflow of the road sections is routed to the destination area (r = u1 ),
1 vehicle out of 5u − 5 terminates its trip inside the destination area (p =

1
).
5u−5

For

instance, when 20% of vehicles are routed to a destination area of size 1km × 1km, the
trip termination probablity at intersections inside the destination area is 0.05. Figure
2.10 illustrates the results. For each vehicle density, we simulated 20 realizations with
u ∈ {2, 3, 4, 5, 10, 20}. The good match between figure 2.8, 2.9, and 2.10 verifies that,
both the standard deviation of number of vehicles among links and the number of
full links determine the average network flow together with the vehicle density in the
network, even if the travel demand is not uniformly distributed in the network.
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2.6 Time-Dependent Scenarios
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Figure 11. Even for varying traﬃc volumes, the average network ﬂow can be expressed

Figure 2.11: Even for varying traffic volumes, the average network flow can be exas a function of the average vehicle density and (a) the standard deviation of number of
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vehicles and the average vehicle density, independent of time-dependent patterns
In reality, urban road networks are subject to varying network densities. However,
of travel demand. Due to fast growing demand, we observe that for the average
all
simulations
sections kept
the number
vehicles
in the network
network
densityinofthe
K previous
= 60 vehicles/km
network
ﬂows areofalways
low.
constant by a balanced trip generation and termination. Hence, as final test we check
whether our findings
stay the sameConclusions,
for time-varying and
trafficOutlook
volumes. To represent an
6. Summary,
open system, we simulate a fast growing demand in the network. For this, we simulate
We have studied how the spatial variability of vehicle density can aﬀect the traﬃc
performance at the network level. Most studies until now have looked at macro34
scopic relationships between the average ﬂow and density, but not at the relevance
of their variability. The results of this paper show that the standard deviation of
density is a key variable which is required (i) for the existence of an invariant
urban macroscopic fundamental diagram, (ii) to explain the wide variation of average network ﬂows (potentially ranging from high values up to gridlock even in
case of the same average density and demand), (iii) to provide a robust and well-

2.7. Summary, Conclusions, and Outlook
scenarios in which trip generation is independent of trip termination. Our simulation
varies from fast trip generation (5 vehicles/link/h) to very fast trip generation (10
vehicles/link/h), and from small fractions of vehicles being routed to the destination
area (e.g. 5%) to large fractions (e.g. 50%). To compare our results with those presented
in figures 2.8, 2.9, and 2.10, from all the different simulations, we choose the data
points for which the average vehicle density is K = 20±1, 40±1, and 60±1 vehicles/km.
The good agreement with previous results, as illustrated in figure 2.11, supports
that even under varying traffic volumes, the average network flow can be expressed
as a function of the standard deviation of the number of vehicles and the average
vehicle density, independent of time-dependent patterns of travel demand. Due
to fast growing demand, we observe that for the average network density of K = 60
vehicles/km network flows are always low.

2.7 Summary, Conclusions, and Outlook
We have studied how the spatial variability of vehicle density can affect the traffic
performance at the network level. Most studies until now have looked at macroscopic
relationships between the average flow and density, but not at the relevance of their
variability. The results of this paper show that the standard deviation of density is
a key variable which is required (i) for the existence of an invariant urban macroscopic fundamental diagram, (ii) to explain the wide variation of average network
flows (potentially ranging from high values up to gridlock even in case of the same
average density and demand), (iii) to provide a robust and well-defined macroscopic
functional relationship even in cases where origin-destination flows significantly vary.
A simple explanation of these dependencies is that an inhomogeneity in the spatial
distribution of car density increases the probability of a spillover, which substantially
decreases the network flow.
To reach the above conclusions, we have introduced new modeling techniques,
namely a flow quantization and a memoryless traffic flow routing. Flow quantization
is natural in micro-simulation (car-following or cellular automata models), but nonstandard in macro-simulation models. It was not known before that this consideration
of a micro-feature would make such a big difference in macro-models. This allowed
us to reproduce a realistic variability of network flows in fluid-dynamic computer
simulations even for the same average car density, and without the need of detailed
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origin-destination tables and complicated routing assignment models.
While the results of this paper provide a clearer understanding of traffic in cities, further investigations are needed to identify (i) whether these functional relationships
also hold for more complex road networks and turning relations, (ii) how traffic congestion spreads with time as a function of topological and demand characteristics,
and (iii) how these outcomes can be applied to real cities in order to avoid high levels
of congestion. For freeways, one can investigate the existence of an invariant macroscopic fundamental diagram, as the flow-density relationship and traffic dynamics
are different (Kerner, 1998; Orosz et al., 2009).
To enhance traffic performance, we are interested in strategies that can reduce the
variability of the vehicle densities. For this, one has to decrease the number of fully
occupied links in a network, e.g. by prioritizing critical vehicle queues (Helbing and
Lämmer, 2012; Lämmer and Helbing, 2008) or restricting access to neighbourhoods
which exceed certain density thresholds (Daganzo, 2007). Recently, Helbing and
Mazloumian (2009) proposed a signal control, which explains the slower-is-faster
effect when the utilization of a road section is so small that it requires extra time to
collect enough vehicles for an efficient service during the green phase. Similarly, the
slower-is-faster strategy would suggest to restrict the inflow to congested areas to keep
the service capacity high (Geroliminis and Daganzo, 2007; Johansson et al., 2008).
Another future direction is the simulation of more complex traffic networks. This
could include irregular networks with varying number of lanes, link lengths and
counterflows, allowing to turn left and right at each intersection, and finally multicentric cities with multiple attraction centers. Interesting phenomena/questions arise
(i) when pockets for left turn movements spill over and block through movements on
the same link or (ii) previously separated congestion areas reach each other, thereby
causing a serious large-scale collapse of traffic flow. Also, additional studies are
needed to further understand the impact of network topology and its interplay with the
network dynamics and congestion spreading. Finally, as simulations invariably involve
untested assumptions, these should be tested by extensive real-life experiments.
Such empirical studies will reveal, whether the functional dependence of the average
network flow on the average density and the number of full links are independent of
different demand profiles, as suggested, which would be very useful for theoretical
and practical considerations.
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3 Operation Regimes and Slower-isFaster Effect in the Control of Traffic
Intersections
3.1 Abstract
The efficiency of traffic flows in urban areas is known to crucially depend on signal
operation. Here, elements of signal control are discussed, based on the minimization
of overall travel times or vehicle queues. Interestingly, we find different operation
regimes, some of which involve a “slower-is-faster effect”, where a delayed switching
reduces the average travel times. These operation regimes characterize different ways
of organizing traffic flows in urban road networks. Besides the optimize-one-phase
approach, we discuss the procedure and advantages of optimizing multiple phases as
well. To improve the service of vehicle platoons and support the self-organization of
“green waves”, it is proposed to consider the price of stopping newly arriving vehicles.

3.2 Introduction
The study of urban traffic flows has attracted the interest of physicists for quite a while
(see, e.g., Refs. (Esser and Schreckenberg, 1997; Nagatani, 1993; Simon and Nagel,
1998)). This includes the issue of traffic light control and the resulting dynamics of
vehicle flows (Brockfeld et al., 2001; Chowdhury and Schadschneider, 1999; Fouladvand and Nematollahi, 2001; Nagatani, 2006; Piccoli and Garavello, 2006; Sasaki and
Nagatani, 2003; Toledo et al., 2004). Theoretical investigations in this direction have
primarily focussed on single intersections and grid-like street networks, e.g. adaptive
control (Barlović et al., 2005; Fouladvand et al., 2004a,b) of a single traffic light or
coordination of traffic lights in Manhattan-like road networks with unidirectional
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roads and periodic boundary conditions. Some of the fascination for traffic light
control is due to the relationship with the synchronization of oscillators (Huang and
Huang, 2003; Huberman and Faieta, 1992; Lämmer et al., 2006) and other concepts of
self-organization (Cools et al., 2008; Gershenson, 2005; Helbing et al., 2005a,c, 2007;
Lämmer and Helbing, 2008; Nakatsuji and Kaku, 1991; Sekiyama et al., 2001).
The efficiency of traffic light control is essential to avoid or at least delay the collapse
of traffic flows in traffic networks, particularly in urban areas. It is also crucial for
attempts to reduce the fuel consumption and CO2 emissions of vehicles. Both, delay
times and acceleration maneuvers (i.e. the number of stops faced by vehicles)1 cause
additional fuel consumption and additional CO2 emissions (Lämmer, 2007). Within
the USA alone, the cost of congestion per year is estimated to be 63.1 billion US$,
related with 3.7 billion hours of delays and 8.7 billion liters of “wasted” fuel (Schrank
and Lomax, 2005). Climate change and political goals to reduce CO2 emissions force
us to rethink the design and operation of traffic systems, which contributes about one
third to the energy consumption of industrialized countries. On freeways, traffic flows
may eventually be improved by automated, locally coordinated driving, based on new
sensor technologies and intervehicle communication (Kesting et al., 2007; Schönhof
et al., 2007).
But what are options for urban areas? There, traffic lights are used to resolve conflicts of intersecting traffic streams. In this way, they avoid accidents and improve
the throughput at moderate or high traffic volumes. For a discussion of the related
traffic engineering literature, including the discussion of traffic light coordination
and adaptive signal control, see Refs. (Helbing et al., 2005c; Lämmer and Helbing,
2008) and references therein. In the following, we will focus our attention on some
surprising aspects of traffic flow optimization.

3.2.1 Paradoxical Behavior of Transport Systems
Besides Braess’ paradox (which is related to selfish routing) (Braess, 1968; Roughgarden, 2005; Steinberg and Stone, 1988), the slower-is-faster effect is another counterintuitive effect that seems to occur in many transport networks. It has been found
for pedestrian crowds, where a rush of people may delay evacuation (Helbing et al.,
1

For formulas to estimate these quantities as a function of the utilization of the service capacity of
roads see Ref. (Helbing, 2009).
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2000).
Slower-is-faster effects have fascinated scientists for a long time. Smeed (Smeed,
1967), for example, discussed "some circumstances in which vehicles will reach their
destinations earlier by starting later”, but Ben-Akiva and de Palma (Ben-Akiva and
De Palma, 1986) showed that this effect disappeared under realistic assumptions.
Moreover, it is known from queuing theory that idle time can decrease the work in
process (i.e. basically the queue length) in cyclically operated production systems
under certain circumstances, particularly when the variance in the setup times is large
(Cooper et al., 1998). These circumstances, however, do not seem to be very relevant
for traffic light control. Nevertheless, there are many examples of slower-is-faster
effects in traffic, production, and logistic systems, and it has been suggested that
the phenomenon is widespread in networked systems with conflicting flows that are
competing for prioritization (Helbing and Lämmer, 2006; Helbing et al., 2006b). While
there are numerical algorithms to exploit this effect systematically to improve the
performance of these systems (Helbing and Lämmer, 2006), there have been only
a few analytical studies of the slower-is-faster effect (Helbing et al., 2005b, 2006a;
Stark et al., 2008). Therefore, we will put a particular focus on the study of conditions
leading to this counterintuitive, but practically relevant effect.
Our paper is structured as follows: While Sec. 3.3 specifies the traffic system investigated in this paper, Sec. 3.4 discusses the throughput of intersections. Section 3.5
continues with the problem of minimizing travel times, while Sec. 3.5.5 discusses
the minimization of queue lengths. The challenge in these sections is to come up
with a concept that still leads to reasonably simple formulas, allowing one to study
the behavior of the proposed signal control analytically. A successful approach in
this respect is the “optimize-one-phase approach”, which seems justified by the short
intervals, over which traffic flows can be anticipated reliably. Among the operation
regimes resulting from the optimization process are also some with extended green
times, corresponding to a “slower-is-faster effect” (see Sec. 3.5.4). A further improvement of signal operation is reached by applying multi-phase optimization, when flow
constraints are taken into account. As Sec. 3.6 shows, this approach leads to a variety
of plausible operation regimes. A summary and dicussion is presented in Sec. 3.7.
Complementary, Sec. A will discuss the “price” of stopping vehicles, which is an interesting concept to support moving vehicle platoons (and, thereby, the self-organization
of “green waves”). For a more sophisticated, but analytically less accessible approach
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to the self-organization of coordinated traffic lights and vehicle streams in road networks see Refs. (Helbing and Lämmer, 2006; Lämmer and Helbing, 2008; Lämmer
et al., 2008).

3.3 Specification of the Traffic System under Consideration
In this paper, we will first focus on the study of a single traffic intersection with
uniform arrival flows, before we discuss later how to extend our control concept in
various ways. Furthermore, for simplicity we will concentrate on the study of a traffic
light control with two green phases only, which is generalized in Appendix B. As the
traffic organization in parts of Barcelona shows, a two-phase control is sufficient, in
principle, to reach all points in the road network: Just assume unidirectional flows in
all streets with alternating directions. Then, in each phase, traffic either flows straight
ahead and/or turns (right or left, depending on the driving direction in the crossing
road). Hence, two intersecting unidirectional roads imply two possible traffic phases,
which alternate (see Fig. 3.1). While the optimization approach discussed in the

Figure 3.1: Left: Schematic illustration of the unidirectional street layout in the center
of Barcelona. Center and right: Illustration of the two traffic phases, during which vehicles can move straight ahead or turn (either right or left, depending on the direction
of the crossing road).
following can be also applied to time-dependent arrival flows A 1 and A 2 per lane,
when numerical solution methods are applied, for the sake of analytical tractability
and closed formulas we will focus here on the case of constant flows over the short
time periods involved in our optimization. I j will represent the number of lanes of
road section j , and it will be assumed that vehicles passing a green light can freely
enter the respective downstream road section. Analogously to Refs. (Helbing, 2003,
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2009; Helbing et al., 2007), the departure flows γ j (t )O j (t ) (as long as the traffic flows
are not obstructed by the downstream traffic conditions) are given by the possible
outflows O j (t ) (which vary with time t ), multiplied with the permeabilities γ j (t ). The
latter reflect the states of the traffic lights. During amber and red time periods, the
permeabilities γ j (t ) are zero, as there is no outflow, while γ j (t ) = 1 during green
phases. Note that the departure flows γ j (t )O j (t ) may split up into a straight and
a turning flow after the traffic light, but for our further considerations, this is not
relevant. The possible outflows O j (t ) are determined by the equation
(
O j (t ) =

if ∆N j (t ) > 0,

Qb j
A j (t − T

0
j)

otherwise.

(3.1)

Herein, Qb j is the service rate per lane during the green phase as long as there is a
finite number ∆N j (t ) > 0 of delayed vehicles behind the traffic light (i.e. Qb j corresponds to the characteristic outflow from congested traffic). A j (t ) represents the
time-dependent arrival rate of vehicles per lane and A j (t − T j0 ) the rate of vehicles
arriving at the traffic light under free flow conditions, where T j0 denotes the free
travel time needed to pass road section j . In case of constant arrival rates A j , the
dependence on the time point t and the delay by the free travel time T j0 can be
dropped.
In the following, we will use some additional variables and parameters: T j shall
denote the minimum green time, after which the vehicle queue in road section j is
fully dissolved (i.e. after which ∆N j = 0 and O j = A j ). In contrast, ∆T j will stand for
the actual green time period. Consequently,
∆t j = ∆T j − T j

(3.2)

(if greater than zero) represents the excess green time, during which we have a free
vehicle flow with γ j (t )O j (t ) = A j . τ j shall be the setup time before the green phase ∆T j
for road section j . For illustrative reasons, it is also called the “amber time (period)”,
although it is usually somewhat longer than that. The sum
Tcyc = τ1 + ∆T1 + τ2 + ∆T2

(3.3)

is normally called the cycle time. Note, however, that we do not need to assume
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periodic operation. Within the framework of our model assumptions, we may consider
stepwise constant flows. That is, the arrival flows may vary from one cycle (or even one
green time period) to the next. Under such conditions, each green phase is adjusted
to the changing traffic situation.
Finally note that we do not consider pedestrian flows in this paper. In order to take
them into account, one would have to consider additional traffic phases for the service
of pedestrians. Alternatively, one could select the setup times τ j for vehicles so large
that they cover the amber time for vehicles plus a sufficient time for pedestrians to
cross the road.

3.4 Consideration of Traffic Flows
The art of traffic control is to manipulate the permeabilities γ j (t ) in a way that optimizes a given goal function. In fact, when the traffic volume is high enough, an
oscillatory service corresponding to the operation of a traffic light can increase the
effective intersection capacity as compared to the application of a first-come-firstserve rule for arriving vehicles (Helbing et al., 2005c, 2007): While the red and amber
lights (corresponding to γ j (t ) = 0) cause vehicles to queue up and wait, this implies a
high flow rate and an efficient service of vehicles when the traffic light turns green (i.e.
γ j (t ) = 1).
One natural concept of traffic flow optimization would be to maximize the average
overall throughput. This is measured by the function
1X
G t (t ) =
t j

Zt

d t 0 γ j (t 0 )O j (t 0 ) .

(3.4)

0

Due to Eq. (3.1), G t (t ) depends not only on the outflows O j (t ), but also on the inflows
A j (t ) to the system. This makes G t (t ) basically dependent on the time-dependent
origin-destination matrices of vehicle flows.
The numbers of vehicles accumulating during the red and amber time periods are
I 1 ∆N1max = I 1 A 1 (τ2 + ∆T2 + τ1 )
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and
I 2 ∆N2max = I 2 A 2 (τ1 + ∆T1 + τ2 ) ,

(3.6)

where ∆N jmax represents the maximum number of delayed vehicles per lane in road
section j , if the vehicle queue in it has been fully cleared before. I j is the number of
lanes. As the service rate of queued vehicles during the green time ∆T j is Qb j , and A j
is the arrival rate of additional vehicles at the end of the queue, the mimimum green
time required to dissolve the queue is given by

Tj =

∆N jmax

.

Qb j − A j

(3.7)

From Eqs. (3.5) to (3.7) we obtain
T1 =

A1
Qb1 − A 1

³
´
τ2 + ∆T2 + τ1 .

(3.8)

Assuming ∆T j = T j (i.e. no excess green times) and inserting Eq. (3.7) yields
T1 =

³
´
A 2 (τ1 + T1 + τ2 )
τ2 +
+ τ1
Qb1 − A 1
Qb2 − A 2
A1

(3.9)

for the clearing time T1 , or

T1 = (τ1 + τ2 )

A1
Qb1 −A 1

1−

³
1+

´

A2
Qb2 −A 2
A1 A2
(Qb1 −A 1 )(Qb2 −A 2 )

.

(3.10)

With the analogous formula for T2 we can determine the related cycle time, if the
traffic light turns red immediately when all queued vehicles have been served. After a
few intermediate mathematical steps, we finally get
T cyc = τ1 + T1 + τ2 + T2 =

τ1 + τ 2
.
1 − A 1 /Qb1 − A 2 /Qb2

(3.11)

Moreover, one can show (Helbing, 2009)
Tj =

A j cyc
T .
Qb j

(3.12)
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We can see that the cycle time and the clearing times T j diverge in the limit
A1 A2
+
→ 1.
Qb1 Qb2

(3.13)

If this expression (3.11) becomes negative, the vehicle queues in one or both ingoing
road sections are growing larger and larger in time, as the intersection does not have
enough capacity to serve both arrival flows. See Ref. (Helbing, 2009) for a discussion
of this case.
Note that Eq. (3.11) determines the smallest cycle time that allows to serve all queued
vehicles within the green time periods. Let us study now the effect of extending the
green time periods ∆T j beyond T j : The average throughput of the intersection is
given by the overall flow of vehicles during one cycle time Tcyc = τ1 + ∆T1 + τ2 + ∆T2 .
During that time period, a total number (I 1 A 1 + I 2 A 2 )Tcyc of vehicles is arriving in the
two considered road sections. If all arriving vehicles are served during the cycle time
Tcyc , the average throughput is
Gt =

(I 1 A 1 + I 2 A 2 )Tcyc
T cyc

= I1 A1 + I2 A2 .

(3.14)

Therefore, in the case where we do not have an accumulation of vehicles over time,
which requires sufficient green times (∆T j > T j ) and a sufficient resulting service
capacity
I 1Qb1 ∆T1 + I 2Qb2 ∆T2
≥ I1 A1 + I2 A2 ,
Tcyc

(3.15)

the throughput is determined by the sum I 1 A 1 + I 2 A 2 of the overall arrival flows.
Consequently, excess green times ∆t j = ∆T j −T j > 0 do not lead to smaller or larger intersection throughputs. But under what conditions should a green phase be extended,
if at all? This shall be addressed in the next sections.
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3.5 Travel-Time-Oriented Signal Operation
Rather than on a consideration of the flow, we will now focus on the cumulative
waiting time

F (t ) =

X
j

Zt
Ij

dt
0

0

Zt 0

d t 00 [A j − γ j (t 00 )O j (t 00 )]

(3.16)

0

and minimize its average growth over a time period t to be defined later. This corresponds to a minimization of the function

G(t ) =

=

1X
Ij
t j
1X
Ij
t j

Zt

d t 0 ∆N j (t 0 )

0

Zt
0

dt0

Zt 0

d t 00 [A j − γ j (t 00 )O j (t 00 )] ,

(3.17)

0

which quantifies the time average of the overall delay time. The term on the right-hand
side describes the increase of the overall waiting time proportionally to the number
∆N j of delayed cars, which is given by the integral over the difference between the
arrival and departure flows (Helbing, 2009; Helbing et al., 2007).
Note that the formula (3.17) makes an implicit simplification by assuming that delays
occur only in the vehicle queues behind traffic lights, while no delays accumulate
under uncongested flow conditions. This assumes a triangular flow-density diagram,
which, however, seems to be sufficiently justified for urban traffic flows (Helbing, 2003;
Helbing et al., 2007). Moreover, while approaching a vehicle queue, it usually does not
matter, when vehicles travel more slowly than the speed limit allows: If they would
travel faster, they would be queued earlier, i.e. the delay would stay the same. In other
words, most of the time it is irrelevant, whether vehicles lose their time in the vehicle
queue or by decelerating before.
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3.5.1 The Optimize-One-Phase Approach
When minimizing the goal function G(t ), it is essential upto what time t we extend
the integral. In principle, it is possible to integrate over a full cycle or even many
cycles of traffic operation, but the resulting formulas do not provide an intuitive
understanding anymore. We will, therefore, focus on the optimization of a single
phase, with full amber time periods τ j in the beginning and τ j +1 at the end. This
turns out to result in explicit and plausible formulas, while some other approaches we
have tried, did not result in well interpretable results. Besides this practical aspect,
when analytical results shall be obtained, the specification t = τ1 + ∆T j + τ2 chosen in
the following makes sense: It “charges” the switching-related inefficiencies to the road
that “wants” to be served. The switching of a traffic light should lead to a temporary
increase in traffic performance. After completion of each green phase, the travel
time optimization is repeated, so that one can compose the traffic light schedule as a
sequence of optimized single phases (see Appendix B for details).
In Sec. 3.6, we will show that a multi-phase optimization yields better results, but
requires a higher degree of sophistication. The treatment of situations with varying or
pulsed traffic flows is even more difficult and can usually be solved only numerically.
This issue is addressed in Ref. (Lämmer and Helbing, 2008).
In our calculations, we will assume that the green time for road section 2 lasted for
a time period ∆T2 and ended at time t = 0. That is, we have now to determine the
optimal duration ∆T1 of the green phase for road section 1 after an intermediate
amber time period τ1 . For this, we minimize the function
G 1 (τ1 + ∆T1 + τ2 ) =

F 1 (τ1 + ∆T1 + τ2 )
,
τ1 + ∆T1 + τ2

(3.18)

where the subscript “1” of G and F refers to road section 1, for which the green phase
is determined. Assuming a step-wise constant outflow with γ j O j = Qb j , if ∆N j > 0, but
γ j O j = A j , if ∆N j = 0, and γ j O j = 0, if γ j = 0, the integral over t 00 results in a stepwise
linear function, and the function F 1 (t ) is characterized by quadradic dependencies.
We will distinguish two cases: (a) The green time is potentially terminated before all
queued vehicles have been served (i.e. ∆Ti ≤ Ti ), or (b) it is potentially extended (i.e.
∆Ti ≥ Ti ). Let us start with the first case.
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(a) No excess green time (∆T1 ≤ T1 ): In this case, A 2 (t 00 ) − γ2 (t 00 )O 2 (t 00 ) = A 2 for
0 ≤ t 00 ≤ τ1 + ∆T1 + τ2 , i.e. over the period ∆T1 of the green time for road section
1 and the amber time periods τ j and τ j +1 before and after it. In addition,

A 1 − γ1 (t 00 )O 1 (t 00 ) =




 A1

if 0 ≤ t 00 < τ1 ,

A 1 − Qb1 if τ1 ≤ t 00 < τ1 + ∆T1 ,


 A
otherwise.
1

(3.19)

Using the abbreviation
∆N1max = ∆N1 (τ1 ) = ∆N1 (0) + A 1 τ1 ,

(3.20)

we get
F 1a (τ1 + ∆T1 + τ2 )
n
τ1 2
= I 1 ∆N1 (0)τ1 + A 1
2
+∆N1max ∆T1 − (Qb1 − A 1 )

∆T1 2
2

τ2
+[∆N1max − (Qb1 − A 1 )∆T1 ]τ2 + A 1

2o

2
·
¸
(τ1 +∆T1 + τ2 )2
+ I 2 ∆N2 (0)(τ1 +∆T1 + τ2 ) + A 2
2
h
A1
= I 1 ∆N1 (0)(τ1 + ∆T1 + τ2 ) +
(τ1 + ∆T1 + τ2 )2
2
i
Qb1
− ∆T1 (∆T1 + 2τ2 )
2
·
¸
(τ1 +∆T1 + τ2 )2
+ I 2 ∆N2 (0)(τ1 +∆T1 + τ2 ) + A 2
,
2
(3.21)
where the superscript “a” refers to case (a). Dividing the above function by
(τ1 + ∆T1 + τ2 ) and making the plausible assumption τ1 = τ2 of equal amber
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time periods for simplicity, we gain
h
G 1a (τ1 + ∆T1 + τ2 ) = I 1 ∆N1 (0) + Qb1 τ2
τ1 + ∆T1 + τ2 i
−(Qb1 − A 1 )
2
¸
·
τ1 + ∆T1 + τ2
.
+ I 2 ∆N2 (0) + A 2
2
(3.22)
If I 1 (Qb1 − A 1 ) < I 2 A 2 , i.e. when the number of queued vehicles in road section
2 grows faster than it can be reduced in road section 1, the minimum of this
function is reached for ∆T1 = 0, corresponding to a situation where it is not
favorable to turn green for section j = 1. For
I 1 (Qb1 − A 1 ) > I 2 A 2 ,

(3.23)

the value of G 1a goes down with growing values of ∆T1 , and the minimum is
reached for a value ∆T1 ≥ T1 .

(b) Potential green time extension (∆T1 ≥ T1 ): Let us assume that we (possibly)
have an excess green time, i.e. ∆t i = ∆Ti − Ti ≥ 0. In this case,


A1




 A − Qb
1
1
A 1 − γ1 (t 00 )O 1 (t 00 ) =

A1




 0

if 0 ≤ t 00 < τ1 ,
if τ1 ≤ t 00 < τ1 + T1 ,
if t 00 ≥ τ1 + ∆T1 ,

(3.24)

otherwise.

Considering that now, ∆N1 (t 0 ) = 0 for τ1 + T1 ≤ t 0 < τ1 + ∆T1 , and introducing
the clearing time
T1 =
48
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=
,
Qb1 − A 1
Qb1 − A 1

(3.25)
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we obtain

=

+
=
+

F 1b (τ1 + ∆T1 + τ2 )
h
τ1 2
I 1 ∆N1 (0)τ1 + A 1
+ ∆N1max T1
2
T1 2
τ2 2 i
+ A1
−(Qb1 − A 1 )
2
2
·
¸
(τ1 + ∆T1 + τ2 )2
I 2 ∆N2 (0)(τ1 + ∆T1 + τ2 ) + A 2
2
#
"
max 2
(∆N
)
A
1
1
(τ2 2 − τ1 2 ) +
I 1 ∆N1max τ1 +
b
2
2(Q 1 − A 1 )
·
¸
(τ1 + ∆T1 + τ2 )2
I 2 ∆N2 (0)(τ1 + ∆T1 + τ2 ) + A 2
2
(3.26)

Assuming again τ1 = τ2 for simplicity, introducing the abbreviation
E 1 = ∆N1max τ1 +

(∆N1max )2
,
2(Qb1 − A 1 )

(3.27)

and dividing Eq. (3.26) by (τ1 + ∆T1 + τ2 ) yields
G 1b (τ1 + ∆T1 + τ2 )
I1E1
=
τ1 + ∆T1 + τ2
·
¸
τ1 + ∆T1 + τ2
+ I 2 ∆N2 (0) + A 2
.
2

(3.28)

This expression shall be minimized under the constraint ∆T1 ≥ T1 . In order to
determine the minimum, we set the derivative with respect to ∆T1 to zero and
get
0=

dG 1b (τ1 + ∆T1 + τ2 )
d ∆T1

=−

I1E1
I2 A2
+
.
2
(τ1 + ∆T1 + τ2 )
2

(3.29)

The minimum is located at
(τ1 + ∆T1 + τ2 )2 =

2I 1 E 1
,
I2 A2

(3.30)
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if ∆T1 ≥ T1 . Considering Eq. (3.25), ∆T1 ≥ T1 implies
∆N1max
(τ1 + ∆T1 + τ2 ) ≥ τ1 +
+ τ2
Qb1 − A 1
2

µ

¶2
.

(3.31)

With Eq. (3.30) this leads to the condition
µ
¶
(∆N1max )2 I 1
1
−
Qb1 − A 1 I 2 A 2 Qb1 − A 1
µ
¶
τ 1 + τ2
max I 1 τ1
+2∆N1
−
≥ (τ1 + τ2 )2 .
I 2 A 2 Qb1 − A 1

(3.32)

If inequality (3.32) is not fulfilled, we must have ∆T1 < T1 .

For completeness, we note that
G 1a (τ1 + T1 + τ2 ) = G 1b (τ1 + T1 + τ2 ) ,

(3.33)

i.e. the goal function G 1 is continuous in ∆T1 = T1 , while it must not be smooth.
Moreover, ∆N1 (0) = A 1 (τ2 + ∆T2 ) and ∆N2 (0) = 0, if the vehicle queues have been
fully cleared before the traffic light is switched. The case where the queue is not fully
dissolved is treated in Ref. (Helbing, 2009).

3.5.2 Transformation to Dimensionless Variables and Parameters
For an analysis of the system behavior, it is useful to transform variables and parameters to dimensionless units. Such dimensionless units are, for example, the capacity
utilizations
ui =

Ai
Qbi

(3.34)

of the road sections i and the relative size
κ=
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I 1 A 1 I 1 u 1Qb1 u 1
=
= K
I 2 A 2 I 2 u 2Qb2 u 2

(3.35)
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of the arrival flows, where
K=

I 1Qb1
.
I 2Qb2

(3.36)

Furthermore, we may scale the green times ∆Ti by the sum of amber time periods
τ1 + τ2 , which defines the dimensionless green times
σi =

∆Ti
τ1 + τ 2

(3.37)

and the dimensionless clearing times
∆N1max
σ̂ j =
.
=
τ1 + τ2 (1 − u 1 )Qbi (τ1 + τ2 )
Tj

(3.38)

In order to express the previous relationships exclusively by these quantities, we must
consider that a number A 1 (τ2 + ∆T2 + τ1 ) of vehicles per lane accumulates during the
time period (τ2 + ∆T2 + τ1 ), in which the vehicle flow on road section 1 is not served.
With Eq. (3.20) this implies
∆N1max = ∆N1 (0) + A 1 τ1 = A 1 (τ2 + ∆T2 + τ1 ) ,

(3.39)

if the vehicle queue in road section 1 has been fully cleared during the previous green
time. Then, we have
∆N1max
τ1 + τ2

= A 1 (1 + σ2 ) ,

(3.40)

and from Eqs. (3.27) and (3.22) we get
2τ1
(A 1 )2 (1 + σ2 )2
2E 1
=
A
(1
+
σ
)
+
.
1
2
(τ1 + τ2 )2
τ1 + τ2
Qb1 − A 1

(3.41)

With A 1 = u 1Qb1 and τ1 = τ2 , Eq. (3.30) belonging to the case of extended green time
for road section 1 can be written as
i
u1
2
(1 + σ1 ) = [1 + σ̃1 (σ2 )] = κ (1 + σ2 ) +
(1 + σ2 ) .
1 − u1
2

2

h

(3.42)

The solution of this equation defines the relationship σ̃1 (σ2 ) for the optimal scaled
green time period σ1 as a function of σ2 , if the green time for road section 1 is extended.
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Moreover, in dimensionless variables, the condition (3.32) for green time extension
becomes
µ
¶
µ
¶
u1
u1
2u 1
2
(1 + σ2 ) κ −
+ (1 + σ2 ) κ −
≥1
1 − u1
1 − u1
1 − u1

(3.43)

or
·

¸µ
¶
u1
1 + u 1 σ2
u 1 (1 + σ2 )2
+ (1 + σ2 ) κ −
≥
.
1 − u1
1 − u1
1 − u1

(3.44)

However, we can check for green time extension also in a different way, since the
extension condition ∆T1 > T1 can be written as σ̃1 > σ̂1 . Using Eqs. (3.25), (3.38) and
(3.39), the dimensionless green time σ1 for the case of no green time extension may
be presented as
σ1 = σ̂1 (σ2 ) =

A 1 (1 + σ2 ) u 1 (1 + σ2 )
=
1 − u1
Qb1 − A 1

(3.45)

or
1 + σ1 =

1 + u 1 σ2
.
1 − u1

(3.46)

Moreover, from σ1 = σ̂1 (σ2 ) follows
σ1
u 1 (1 + σ2 )
h
i = u1 .
=
1 + σ1 + σ2 (1 − u ) 1 + u1 (1 + σ ) + σ
1
2
2
1−u 1

(3.47)

That is, in the case where road section 1 is completely cleared, but there is no green
time extension, the green time fraction
∆T1
σ1
=
Tcyc 1 + σ1 + σ2

(3.48)

agrees with the utilization u 1 . Moreover, one can show
µ
¶
∂
σ1
1 + σ2
=
> 0.
∂σ1 1 + σ1 + σ2
(1 + σ1 + σ2 )2
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Therefore, σ1 > σ̂1 implies a green time fraction greater than u 1 , and we have excess
green time for road section 1, if
σ̃1 (σ2 )
> u1 .
1 + σ̃1 (σ2 ) + σ2

(3.50)

An analogous condition must be fulfilled, if excess green times on road section 2 shall
be optimal. It reads
σ̃2 (σ1 )
> u2 ,
1 + σ1 + σ̃2 (σ1 )

(3.51)

where
[1 + σ̃2 (σ1 )]2 =

i
1h
u2
(1 + σ1 )2 ,
(1 + σ1 ) +
κ
1 − u2

(3.52)

which has been gained by interchanging indices 1 and 2 and replacing κ by 1/κ in Eq.
(3.42).

3.5.3 Control Strategies and Slower-is-Faster Effect
Based on the results of Sec. 3.5.1 and the scaled formulas of Sec. 3.5.2, we can now
formulate control strategies for a single traffic light within the optimize-one-phase
approach:

(i) Terminate the green light for road section 1 immediately, corresponding to
σ1 = 0, if condition (3.23) is violated, i.e. if
1 − u1 ≤

u2
K

(3.53)

is fulfilled. To obtain the dimensionless form of this inequality, we have considered A j = u j I j Qb j and Eq. (3.36). In case (i), travel time optimization for one
phase advises against turning green for road section 1. Of course, in reality,
drivers cannot be stopped forever. Either, one would have to give them a short
green phase after a maximum tolerable time period, or at least one would have
to allow vehicles to turn on red, i.e. to merge the crossing flow, whenever there
is a large enough gap between two successive vehicles. Alternatively, one may
apply an optimize-multiple-phases approach, see Sec. 3.6. It implies a service
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Figure 3.2: Operation regimes of (periodic) signal control for K = 1 (left) and K = 3
(right) as a function of the utilizations u j of both roads j according to the one-phase
travel time optimization approach. For each combination of u 1 and u 2 , the operation
regime has been determined after convergence of the signal control procedure described in Appendix B. The separating lines are in good agreement with our analytical
calculations. For example, the solid falling lines are given by Eq. (3.54), while the
dotted parabolic line in the right illustration corresponds to u 2 = K u 1 (1 − u 1 ) and
results by equalizing Eq. (3.42) with the square of Eq. (3.46), assuming σ2 = 0 (i.e.
no service of road section 2). The different operation regimes are characterized as
follows: In the green triangular or parabolic area to the left of both illustrations, where
the utilization u 1 of road section 1 is sufficiently small, the service of road section
2 is extended. In the adjacent red area below the white area (left) or the solid line
(right), road section 2 is just cleared, while above the separating line u 2 = 1−K u 1 , road
section 2 is not served at all. Road section 1, in constrast, gets just enough green time
to clear the vehicle queue in the green area (and the orange area towards the top of
the right illustration), while it gets extended green time in the red area towards the
bottom, where the utilization u 2 of road section 2 is sufficiently small. In the white
area given by u 2 > K (1 − u 1 ), road section 1 gets no green time anymore. Between the
dashed and the solid white lines, road section 2 is not served, although there would
be enough capacity to satisfy the vehicle flows in both roads. Improved operation
regimes are presented in Fig. 3.4.

of side roads even when the intersection capacity is insufficient to satisfy all
inflows completely.

(ii) Terminate the green phase for road section 1, when the vehicle queue is completely resolved, if conditions (3.53) and (3.44) are violated. In this case, the
scaled green time σ1 is given by Eq. (3.45).
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(iii) Extend the green times for road section 1 in accordance with formula (3.42), if
the condition (3.44) is fulfilled. The recommended delay in the switching time
constitutes a slower-is-faster effect. In this situation, it takes some additional
time to accumulate enough vehicles on road section 2 to guarantee an efficient
service in view of the inefficiencies caused by the setup times τ j .
In Fig. 3.2, operation regime (i) is indicated in white and operation regime (iii) in red,
while operation regime (ii) is shown in green, if road section 2 is served, otherwise in
orange.

3.5.4 Operation Regimes for Periodic Operation
In the previous section, we have determined the optimal green time period σ1 for
road section 1, assuming that the last green time period σ2 for road section 2 and
N1 (0) were given. Of course, σ1 will then determine σ2 , etc. If the utilizations u j are
constant and not too high, the sequence of green phases converges towards a periodic
signal operation (see Fig. 3.3). It will be studied in the following. While the formulas
for the determination of σ1 were derived in Sec. 3.5.2, the corresponding formulas for
σ2 can be obtained by interchanging the indices 1 and 2 and replacing κ by 1/κ in all
formulas. In principle, there could be the following cases, if we restrict ourselves to
reasonable solutions with σ j ≥ 0:
(0) According to travel time minimization, one or both road sections should not be
served, if (3.53) is fulfilled for one or both of the road sections. This case occurs
if
1 − u1 −

u2
≤ 0 or 1 − K u 1 − u 2 ≤ 0
K

(3.54)

(see the area above the white solid line in the right illustration of Fig. 3.2).
According to this, service should focus on the main flow, while crossing flows
should be suppressed, thereby enforcing a re-routing of traffic streams when
this would be favorable to minimize travel times. Of course, in such situations
vehicles should still be allowed to turn on red and to merge the crossing flow,
when vehicle gaps are large enough.
(1) Both green time periods are terminated as soon as the respective vehicle queues
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Figure 3.3: Green time fraction σ2 /(1 + σ1 + σ2 ) for road section 2 vs. green time
fraction σ1 /(1 + σ1 + σ2 ) for road section 1, if we apply the signal control algorithm
described in Appendix B to a randomly chosen initial queue length ∆N1 (0) in road
section 1 and K = 2 (i.e. road section 1 has 2 times as many lanes as road section
2). One can clearly see that the green time fractions quickly converge towards values
that do not change anymore over time. The solution corresponds to periodic signal
operation.

are fully dissolved. In this case, we should have the relationships σ1 = σ̂1 (σ2 ) and
σ2 = σ̂2 (σ1 ), where σ̂ j is defined in Eq. (3.45). After a few steps, the condition
σ1 = σ̂1 (σ̂2 (σ1 )) implies
σ j = σ̂ j =

uj
1 − u1 − u2

(3.55)

and
σj
1 + σ1 + σ2

= uj .

(3.56)

According to Eq. (3.56), the green time fraction of each road section in case (1)
should be proportional to the respective utilization u j of the flow capacity.

(2) Road section 2 gets an excess green time, while the green phase of road section
1 ends after the dissolution of the vehicle queue (see green area in Fig. 3.2). In
this case we should have σ1 = σ̂1 (σ̃2 (σ1 )), where (1 + σ̃2 ) is defined by formula
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(3.52). This gives
u1
σ1 =
1 − u1

s

´
1³
u2
(1 + σ1 ) +
(1 + σ1 )2 ,
κ
1 − u2

(3.57)

which eventually leads to a quadratic equation for σ1 , namely
£
¤
u 1 u 2 2 − K (1 − u 1 )2 (1 − u 2 ) σ1 2
+u 1 u 2 (1 + u 2 )σ1 + u 1 u 2 = 0 .

(3.58)

To determine σ2 , we can either use the relationship σ2 = σ̃2 (σ1 ) or invert the
formula σ1 = σ̂1 (σ2 ). Doing the latter, Eq. (3.45) gives
σ2 =

1 − u1
σ1 − 1 .
u1

(3.59)

According to Eqs. (3.47) and (3.51), the occurence of case (2) requires that the
resulting solution satisfies
σ1
= u1
1 + σ1 + σ2

and

σ2
> u2 .
1 + σ1 + σ2

(3.60)

(3) Road section 1 gets an excess green time, while the green phase of road section
2 ends after the dissolution of the vehicle queue (see red area in Fig. 3.2). The
formulas for this case are obtained from the ones of case (2) by interchanging
the indices 1 and 2 and replacing κ by 1/κ.
(4) Both road sections get excess green time periods. This case would correspond
to σ1 = σ̃1 (σ̃2 (σ1 )), and the solutions should fulfil
σ1
> u1
1 + σ1 + σ2

and

σ2
> u2 .
1 + σ1 + σ2

(3.61)

According to numerical results (see Fig. 3.2), cases (0), (2), and (3) do all exist, while
the conditions for cases (1) and (4) are not fulfilled. Note, however, that small vehicle
flows should better be treated as discrete or pulsed rather than continuous flows, in
order to reflect the arrival of single vehicles (see Ref. (Helbing, 2005) for their possible
treatment within a continuous flow framework). In other words, for rare vehicle
arrivals, we either have u 1 > 0 and u 2 = 0, or we have u 2 > 0 and u 1 = 0. Hence, the
57

Chapter 3. Operation Regimes in the Control of Traffic Intersections
case of small utilizations u j will effectively imply green time extensions for both road
sections due to the discreteness of the flow, and it allows single vehicles to pass the
traffic light without previously stopping at the red light.
Summarizing the above, one-phase optimization provides extra green times for road
sections, as long as both of them are fully served. While in one road section, this
slower-is-faster effect allows some vehicles to pass the traffic light without stopping,
in the other road section it causes the formation of a longer vehicle queue, which
supports an efficient service of a substantial number of vehicles after the traffic light
turns green. In this connection, it is useful to remember that switching is costly due to
the amber times, which are “lost” service times.

3.5.5 Minimization of Vehicle Queues
We have seen that travel time minimization implies the possibility of case (0), where
one of the road sections (the side road) in not being served. This case should not
occur as long as the intersection capacity is not fully used. According to Eqs. (3.13)
and (3.34), the intersection capacity is sufficient, if
u1 + u2 ≤ 1

(3.62)

As the inequalities (3.54) and (3.62) do not agree, conditions may occur, where the
vehicle queue in one road section (a side road) continuously increases, even though
the intersection capacity would allow to serve both flows (see the orange and red areas
above the dashed white line in Fig. 3.2). This can result in an “unstable” signal control
scheme, which causes undesired spillover effects and calls for a suitable stabilization
strategy (Lämmer and Helbing, 2008). As we will see in the following, this problem
can be overcome by minimizing vehicle queues rather than travel times.
Conditions (3.54) and (3.62) agree, if K = 1, particularly when I 1 = I 2 and Qb1 = Qb2 .
Therefore, let us assume this case in the following, corresponding to
κ=

I 1 A 1 I 1 u 1Qb1 u 1
=
.
=
I 2 A 2 I 2 u 2Qb2 u 2

(3.63)

Qb1 = Qb2 holds, when the street sections downstream of the intersection do not impose
a bottleneck. Furthermore, I 1 = I 2 = 1 corresponds to a minimization of the average
58

3.5. Travel-Time-Oriented Signal Operation
queue length rather than the average delay time. Such a minimization of the queue
length makes a lot of sense and means that the optimization is made from the perspective of the traffic network rather than from the perspective of the driver. This
minimizes spillover effects and, at the same time, keeps travel times low.

3.5.6 Complexity of Traffic Light Control
It is interesting that already a single intersection with constant arrival flows shows a
large variety of operation regimes. In order to get an idea of the complexity of optimal
traffic light control in general, let us ask about the dimension of the phase space. For
such an analysis, it is common to transform all parameters to dimensionless form, as
above. In this way, all formulas are expressed in terms of relative flows such as
κ=

I1 A1
,
I2 A2

u1 =

A1
,
Qb1

u2 =

A2
.
Qb2

(3.64)

Parameters like
I 2 (Qb2 − A 2 )
I1 A1

and

I 1 (Qb1 − A 1 )
I2 A2

(3.65)

can be expressed through the previous set of parameters. A single intersection with 2
phases only is characterized by the 2 parameters u 1 and u 2 , if queue minimization is
performed, and one additional parameter κ, if travel time is minimized. Therefore,
the optimal operation of n intersections depends on 2n (or even 3n ) parameters. In
view of this, it is obvious that the optimal coordination of traffic lights in an urban
road network constitutes a hard computational problem (Papadimitriou and Tsitsiklis,
1999).
The consideration of non-uniform arrival flows further complicates matters. If the
traffic flows are not constant, but characterized by vehicle platoons, the phase of traffic
light control can be significant for intersection capacity (Helbing, 2009). Therefore,
the mutual coordination of neighboring traffic lights has a significant impact (Helbing,
2009). This issue is, for example, addressed in Refs. (Helbing et al., 2005c; Lämmer
and Helbing, 2008).
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3.6 Optimize-Multiple-Phases Approach
Under certain circumstances, it may be reasonable to interrupt the service of a vehicle
queue to clear the way for a large flow of newly arriving vehicles in the other road
section. Such an interruption may be interpreted as another slower-is-faster effect,
occuring in situations where the interruption-induced delay of vehicles in one road
section is overcompensated for by the avoidance of delay times in the other road
section. Such effects involving several green phases can clearly not be studied within
the optimization of a single phase. One would rather need an approach that optimizes
two or more phases simultaneously.
In the optimize-two-phases approach, it appears logical to optimize the goal function
G 12 (τ1 + ∆T1 + τ2 + ∆T2 ) =

F 12 (τ1 + ∆T1 + τ2 + ∆T2 )
,
τ1 + ∆T1 + τ2 + ∆T2

(3.66)

which considers the waiting times in the successive green phase ∆T2 as well. The
average delay time G 12 (τ1 + ∆T1 + τ2 + ∆T2 ) is minimized by variation of both green
time periods, ∆T1 and ∆T2 . The optimal green times are characterized by vanishing
partial derivatives ∂G 12 /∂∆T j . Therefore, we must find those values ∆T1 and ∆T2
which fulfil

∂G 12
=
∂∆T j

∂F 12
(τ1 + ∆T1 + τ2 + ∆T2 ) − F 12
∂∆T j
(τ1 + ∆T1 + τ2 + ∆T2 )2

= 0.

(3.67)

This implies the balancing principle
∂F 12 (τ1 + ∆T1 + τ2 + ∆T2 ) ∂F 12 (τ1 + ∆T1 + τ2 + ∆T2 )
=
∂∆T1
∂∆T2

(3.68)

which is known from other optimization problems as well, e.g. in economics (Feichtinger and Hartl, 1986). Condition (3.68) allows one to express the green time ∆T2
as a function of the green time ∆T1 . Both values can then be fixed by finding minima
of G w (τ1 + ∆T1 + τ2 + ∆T2 (∆T1 )). When this optimization procedure is applied after
completion of each phase, it is expected to be adaptive to changing traffic conditions.
However, a weakness of the above approach is its neglection of the flows in the optimization procedure. Therefore, the resulting intersection throughput may be poor,
and flows would not necessarily be served, when the intersection capacity would allow
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for this. Therefore, we will now modify the multiple-phase optimization in a suitable
way, focussing on the two-phase case.

3.6.1 Combined Flow-and-Delay Time Optimization
The new element of the following approach is the introduction of flow constraints into
the formulation of the delay time minimization. For this, let us start with the formula
for the average delay time T jav in road section j derived in Ref. (Helbing, 2009). It
reads
T jav

=

(1 − f j )2 Tcyc

(3.69)

(1 − u j ) 2

with
Tcyc = τ1 + ∆T1 + τ2 + ∆T2 = (τ1 + τ2 )(1 + σ1 + σ2 )

(3.70)

and
1− fj =

Tcyc − ∆T j
Tcyc

=

(1 + σ1 + σ2 ) − σ j
1 + σ1 + σ2

.

(3.71)

As the number of vehicles arriving on road section j during the time period Tcyc
is given by I j A j Tcyc = I j u j Qb j Tcyc , the average delay time of vehicles over the two
green phases ∆T1 , ∆T2 and amber time periods τ1 , τ2 covered by the cycle time
Tcyc (∆T1 , ∆T2 ) is given by
2
X

G =
=

j =1

T jav I j u j Qb j Tcyc
Tcyc

2 [(1 + σ + σ ) − σ ]2
X
1
2
j
j =1 2(1 − u j )(1 + σ1 + σ2 )

I j u j Qb j (τ1 + τ2 ) .

(3.72)

Let us now set θ j = θ j (σ1 , σ2 ) = 0, if σ j ≤ σ̂ j (corresponding to σ j /(1 + σ1 + σ2 ) ≤ u j ),
and θ j = 1 otherwise. The dimensionless clearing time
σ̂ j =

uj
(1 − u j )

(1 + σ1 + σ2 − σ j )

(3.73)
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was defined in Eq. (3.45). With this, we will minimize the scaled average delay time
(3.72) in the spirit of the optimize-two-cycles approach, but under the constraint that
the average outflow
©
ª
2 I Q
X
j b j ∆T j (1 − θ j ) + [T j + u j (∆T j − T j )]θ j

O =

Tcyc
©
ª
2 I Q
X
j b j σ j (1 − θ j ) + [(1 − u j )σ̂ j + u j σ j ]θ j

j =1

=

1 + σ1 + σ2

j =1

(3.74)

reaches the maximum throughput
³
´
b 1 , u 2 ) = min G t (u 1 , u 2 ),O max (u 1 , u 2 ) .
O(u

(3.75)

The maximum throughput corresponds to the overall flow G t (u 1 , u 2 ) = I 1 A 1 + I 2 A 2 =
u 1 I 1Qb1 + u 2 I 2Qb2 , as long as the capacity constraint (3.62) is fulfilled. Otherwise, if the
sum of arrival flows exceeds the intersection capacity, the maximum throughput is
given by2

O max (u 1 , u 2 ) =
=

¡
¢
max x 1 I 1Qb1 + x 2 I 2Qb2

x j ≤u j
x 1 +x 2 =1

max

£
¤
I 2Qb2 K x 1 + (1 − x 1 )

1−u 2 ≤x 1 ≤u 1

(
=

(3.76)

£
¤
I 2Qb2 (K − 1)u 1 + 1
if K ≥ 1
£
¤
b
I 2Q 2 1 − (1 − K )(1 − u 2 ) if K < 1.

Demanding the flow constraint
³
´
b 1 , u2 )
O σ1 (u 1 , u 2 ), σ2 (u 1 , u 2 ) = O(u

(3.77)

and considering Eq. (3.73), we can derive
b=
O

X
j

2

·
I j Qb j

σ j (1 − θ j )
1 + σ1 + σ2

¸

+ u j θj .

(3.78)

max
If the cycle time Tcyc is limited to a certain maximum value Tcyc
, one must replace the constraint
max
max
x 1 + x 2 ≤ 1 by x 1 + x 2 ≤ 1 − (τ1 + τ2 )/Tcyc and 1 − u 2 by 1 − u 2 − (τ1 + τ2 )/Tcyc
.
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This implies a linear relationship between σ1 and σ2 . If the denominator is non-zero,
we have:

σ1 (σ2 ) =
+

b
θ1 u 1 I 1Qb1 + θ2 u 2 I 2Qb2 − O
b − (1 − θ1 )I 1Qb1 − θ1 u 1 I 1Qb1 − θ2 u 2 I 2Qb2
O
b
(1 − θ2 )I 2Qb2 + θ1 u 1 I 1Qb1 + θ2 u 2 I 2Qb2 − O
b − (1 − θ1 )I 1Qb1 − θ1 u 1 I 1Qb1 − θ2 u 2 I 2Qb2
O

σ2 .
(3.79)

By demanding the flow constraint, we can guarantee that all arriving vehicles are
served as long as the intersection capacity is sufficient, while we will otherwise use the
maximum possible intersection capacity. As a consequence, operation regime (0) of
the one-phase optimization, which neglected the service of at least one road section,
cannot occur within this framework. Instead, it is replaced by an operation regime, in
which the vehicle queue in one road section is fully cleared, while the vehicle queue
in the other road section is served in part.3 Of course, this will happen only, if the
intersection capacity is insufficient to serve both flows completely (i.e. in the case
1 − u 1 − u 2 < 0). If K > 1 (i.e. the main flow is on road section 1), we have
σ1
= u1
1 + σ1 + σ2

and

σ2
= (1 − u 1 ) .
1 + σ1 + σ2

(3.80)

If K < 1, the indices 1 and 2 must be interchanged.
Operation regime (1) is still defined as in Sec. 3.5.4 and characterized by
σj =

uj
1 − u1 − u2

,

σj
1 + σ1 + σ2

= uj .

(3.81)

In contrast to the one-phase optimization approach, this “normal case” of signal
operation occurs in a large parameter area of the two-phase optimization approach
(see blue area in Fig. 3.4). It implies that both green times are long enough to dissolve
3

In this case, we do not expect a periodic signal control anymore, as the growing vehicle queue in one
of the road sections, see Ref. (Helbing, 2009), has to be considered in the signal optimization procedure.
Our formulas for one-phase optimization can handle this case due to the dependence on ∆N j (0). In
P
the two-phase optimization procedure, we would have to add j I j ∆N j (0) to formula (3.72), where
k
∆N j (0) = A j Tcyc
− Qb j ∆T jk denotes the number of vehicles that was not served during the kth cycle
P
P
k
Tcyc
= τ1 + ∆T k + τ2 + ∆T k . This gives an additional term j u j I j Qb j (τ1 + τ2 ) k (1 + σk + σk − σk /u j )
1

in Eq. (3.72).

2

1

2

j
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the vehicle queues, but not longer.

Figure 3.4: Operation regimes of periodic signal control as a function of the utilizations
u j of both road sections according to the two-phase optimization approach, assuming
K = 1, corresponding to equal roads (left), and K = 3, corresponding to a three-lane
road 1 and a one-lane road 2 (right). For most combinations of utilizations (if u 1 is not
too different from u 2 ), the green phases are terminated as soon as the corresponding
road sections are cleared (see the blue area below the falling diagonal line). However,
extended green times for road section 1 result (see the red area along the u 1 axis), if
the utilization of road section 2 is small. In contrast, if the utlization of road section 1
is small, extended green times should be given to road section 2 (see the green area
along the u 2 axis). The white separating lines between these areas correspond to Eqs.
(3.94), (3.95) fit the numerical results well. Above the line u 2 = 1 − u 1 , the intersection
capacity is insufficient to serve the vehicle flows in both road sections. In this area,
the two-phase optimization gives solutions where road section 1 is fully cleared, but
road section 2 is served in part (orange area towards the right), or vice versa (yellow
area towards the top in the left figure).
The case, where both green phases are extended, is again no optimal solution. We
will, therefore, finally focus on case (2), where the vehicle queue in road section 1
is just cleared (θ1 = 0), while road section 2 gets an excess green time (θ2 = 1). With
b = G t = u 1 I 1Qb1 + u 2 I 2Qb2 , Eq. (3.79) yields the simple constraint
O
σ1 (σ2 ) =

u1
(1 + σ2 ) ,
1 − u1

(3.82)

which corresponds to Eq. (3.45). It implies
d σ1
u1
=
,
d σ2 1 − u 1
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1 + σ1 =

1 + u 1 σ2
,
1 − u1

(3.83)
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and
1 + σ1 + σ2 =

1 + σ2
,
1 − u1

σ1
= u1 .
1 + σ1 + σ2

(3.84)

We will now determine the minimum of the goal function G by setting the derivative
∂G/∂σ1 to zero, considering
d σ̂2 (σ1 )
u2
=
.
d σ1
1 − u2

(3.85)

Multiplying the result with 2(1−u 1 )3 (1−u 2 )(1+σ1 +σ2 )2 /(I 2Qb2 ), we find the following
relationship:

2u 1 u 2 (1 + σ2 )(1 + u 1 σ2 )
+ 2K u 1 (1 − u 1 )(1 − u 2 )(1 + σ2 )2
= u 2 (1 + u 1 σ2 )2 + K u 1 (1 − u 1 )(1 − u 2 )(1 + σ2 )2 ,

(3.86)

which finally leads to

(1 + σ2 )2 =
=

u 2 (1 − u 1 )2
u 1 2 u 2 + K u 1 (1 − u 1 )(1 − u 2 )
(1 − u 1 )2
.
u 1 2 + κ(1 − u 1 )(1 − u 2 )

(3.87)

According to Eq. (3.60), for an extended green time on road section 2, the condition
σ2
> u2
1 + σ1 + σ2

(3.88)

must again be fulfilled. If the solution σ2 (u 1 , u 2 ) of Eq. (3.87) satisfies this requirement,
it can be inserted into Eq. (3.82) to determine the scaled green time period σ1 (u 1 , u 2 ) as
a function of the capacity utilizations u 1 and u 2 within the framework of the optimizetwo-phases approach. The corresponding results are displayed in Figs. 3.4 to 3.6. A
generalization to signal controls with more than two phases is straightforward.
Finally, let us calculate the separating line between case (1) and case (2). Inserting
Eq. (3.82) into (3.72), we can express the goal function G as a function H of a single
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Figure 3.5: Optimal green time fractions ∆T j /Tcyc = σ j /(1 + σ1 + σ2 ) for road section
j = 1 (left) and road section j = 2 (right) as a function of the utilizations u j of both
roads j , assuming periodic signal operation according to the two-phase optimization
approach with K = 1. For combinations (u 1 , u 2 ) with several solutions (with extended
green time and without), we display the solution which minimizes the goal function
(3.72). The results are qualitatively similar to the ones belonging to the one-phase
optimization approach displayed in Fig. 3.7, but we find periodic solutions above the
capacity line u 2 = 1 − u 1 , where one road section (the one with the greater utilization)
is fully cleared, while the other one is served in part.
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Figure 3.6: Same as Fig. 3.5, but for K = 3, corresponding to a three-lane road section
1 (arterial road) and a one-lane road section 2 (crossing side road).
variable σ2 :
H (σ2 ) = G(σ̂1 (σ2 ), σ2 ) .
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(3.89)

3.6. Optimize-Multiple-Phases Approach
As Eq. (3.82) holds for both cases, an exact clearing of road section 2 or an excess green
time for it, the functional dependence of goal function (3.89) on σ2 must be the same
for both cases. Now, on the one hand, we may apply Eq. (3.81) for the case without
excess green time, which yields
1 + σ2 =

1 − u1
1 − u1 − u2

and (1 + σ2 )2 =

(1 − u 1 )2
.
(1 − u 1 − u 2 )2

(3.90)

On the other hand, in the case of excess green time, we may use Eq. (3.87). The
goal function must be the same along the separating line between both cases, which
requires
(1 − u 1 )2
(1 − u 1 )2
=
.
(1 − u 1 − u 2 )2 u 1 2 + κ(1 − u 1 )(1 − u 2 )

(3.91)

This implies
κ(1 − u 1 )(1 − u 2 ) = (1 − u 1 − u 2 )2 − u 1 2

(3.92)

κ(1 − u 1 )(1 − u 2 ) = (1 − 2u 1 − u 2 )(1 − u 2 ) .

(3.93)

or

The finally resulting equation for the separating line between the regimes with and
without excess green time is given by
1
u2
1 − u1
=
=
.
κ K u 1 1 − 2u 1 − u 2

(3.94)

As Fig. 3.4 shows, this analytical result fits the result of our numerical optimization
very well. The separating line between case (1) and case (3) is derived analogously. It
may also be obtained by interchanging the subscripts 1 and 2 and substituting κ by
1/κ, yielding
κ=K

u1
1 − u2
=
.
u 2 1 − 2u 2 − u 1

(3.95)
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3.7 Summary, Discussion, and Outlook
We have studied the control of traffic flows at a single intersection. Such studies have
been performed before, but we have focussed here on some particular features:

• For the sake of a better understanding, we were interested in deriving analytical
formulas, even though this required some simplifications.
• A one-phase minimization of the overall travel times in all road sections tended
to give excess green times to the main flow, i.e. to the road section with the
larger number of lanes or, if the number of lanes is the same (K = 1), to the road
section with the larger utilization (see Fig. 3.2). The excess green time can lead
to situations where one of the vehicle flows is not served, although there would
be enough service capacity for all flows.
• A minimization of vehicle queues rather than travel times simplifies the relationships through the special settings Qb j = Qb and I j = 1, resulting in K = 1.
Moreover, these settings guarantee that the case of no service only occurs, if the
intersection capacity is exceeded.
• An optimize-multiple-phases approach considering flow constraints gives the
best results among the optimization methods considered. It makes sure that
both roads are served even when the intersection capacity is exceeded.
• For all considered optimization approaches, we have derived different operation
regimes of traffic signals control: One of them is characterized by ending a green
time period upon service of the last vehicle in the queue, which implies that
all vehicles are stopped once by a traffic signal. However, we have also found
conditions under which it is advised to delay switching for one of the road
sections (“slower-is-faster effect”), which allows some vehicles to pass the signal
without stopping.
• Compared to the one-phase optimization, a two-phase optimization tends to
to give much less excess green times, in particular if the utilizations of the road
sections are comparable. We hypothesize that this is an effect of the shortsightedness of the one-phase optimization: It does not take into account future
delay times caused by current excess green times. This hypothesis is confirmed
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by Fig. 3.7 (which is to be contrasted with the left illustration in Fig. 3.2). It
specifies the green time durations according to Eqs. (3.42) and (3.45) of the
one-phase optimzation, but selects the solution that minimizes the average
delay time (3.72) over two phases.
• Although the multi-phase optimization approach provides extended green times
in a considerably smaller area of the parameter space spanned by the utilizations
u j , the slower-is-faster effect still persists when signal settings are optimized
over a full cycle time (as we effectively did with the periodic two-phase optimization approach). The slower-is-faster effect basically occurs when the utilization
of a road section is so small that it requires some extra time to collect enough vehicles for an efficient service during the green phase, considering the efficiency
losses by switching traffic lights during the amber phases.
• In complementary appendices, we discuss traffic controls with more than two
phases and an exponentially weighted goal function for short-term traffic optimization. Furthermore, we propose how to take into account the effect of
stopping newly arriving vehicles and how to assess its impact as compared to
queues of waiting vehicles. As stopping vehicles causes additional delay times,
it becomes often favorable to implement excess green times (i.e. to apply the
slower-is-faster effect”).

In summary, our approach successfully delivers analytical insights into various operation regimes of traffic signal control, including the occuring slower-is-faster effects.
Moreover, as the two-phase optimization approach takes care of side roads and minor flows, it has similar effects as the stabilization rule that was introduced in Ref.
(Lämmer and Helbing, 2008) to compensate for unstable service strategies. This stabilization rule tries to avoid spillover effects via an earlier green time by the next traffic
light downstream.
Note that spillover effects imply growing delay times even in road sections which have
a green light. Therefore, if the utilization is greater than the intersection capacity,
travel time minimization may additionally demand to interrupt the green times of the
next traffic lights upstream (in favor of a road section that could be successfully left
by vehicles when a green light would be given to them). This effectively requires to
generalize the traffic light control principle discussed before towards a consideration
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Figure 3.7: Operation regimes of periodic signal control as a function of the utilizations
u j of both roads, if one specifies the clearing times and excess green times according to Eqs. (3.45) and (3.42) of the one-phase optimzation, but selects the solution
that minimizes the overall delay time (3.72) over two successive phases. For most
combinations of utilizations (if u 1 is not too different from u 2 ), the green phases are
terminated as soon as the corresponding road sections are cleared (see the blue area
below the falling diagonal line). However, extended green times for road section 1
result (see the red area along the u 1 axis), if the utilization of road section 2 is small. In
contrast, if the utilization of road section 1 is small, extended green times should be
given to road section 2 (see green area along the u 2 axis) (Chase and Ramadge, 1992).
Above the line u 2 = 1 − u 1 , the intersection capacity is insufficient to serve the vehicle
flows in both road sections.

of the traffic conditions in upstream and downstream road sections. Such a control is
considerably more complicated and will be addressed in future publications, based
on formulas and principles developed in Refs. (Helbing, 2009; Helbing and Lämmer,
2006).

3.7.1 Self-Organized Traffic Light Control
Our restriction to analytical calculations implied certain simplifications such as the
assumption of two traffic phases, the assumption of constant arrival flows, and no
obstructions of the outflow. However, these restrictions can be easily overcome by
straight-forward generalizations (see Appendices). The assumption of constant arrival
flows, for example, is not needed. Assuming a short-term prediction based on upstream flow measurements (Lämmer et al., 2008), the expected delay times or queue
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lengths can be determined via the integral (3.17). The optimal solution must then be
numerically determined, which poses no particular problems. Although the behavior may become somewhat more complicated and the boundaries of the operation
regimes may be shifted, we expect that the above mentioned signal operation modes
and the control parameters u 1 = A 1 /Qb1 , u 2 = A 2 /Qb2 , and κ = I 1 A 1 /(I 2 A 2 ) still remain
relevant.
In the following, we show that the optimize-one-phase approach works surprisingly
well, when it is applied to signal-controlled networks with their typical, pulsed vehicle
flows. Rather than performing strict travel time optimization, however, we use a
simplified approach that determines exponential averages A 0j (t ) of the arrival flows
A j (t ) according to
A 0j (t ) = α j A j (t ) + (1 − α j )A 0j (t − 1) ,

(3.96)

and inserts these values into the formulas for the control strategies that were derived
for constant arrival flows. The averaging parameters α j are specified such that the
average vehicle speed over 30 minutes is maximized.
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Figure 3.8: Comparison of the average velocity resulting for an optimized fixed cycle
time control (red circles) with a self-organized control based on the optimize-onephase approach (blue squares) for a speed limit V j0 = 50 km/h (left) and V j0 = 70 km/h
(right). Both control approaches perform similarly well. Error bars represent standard
deviations. Details of the simulation scenarios are given in the main text.
Figure 3.8 shows simulation results for a Barcelona kind of road network (see Fig. 3.1)
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with 72 links, the lengths of which are uniformly distributed between 100 and 200
meters. For simplicity, the turning fractions have been set to 1/2 for all intersections,
the setup times τ j to τ = 5 s. Traffic flows were simulated in accordance with the
section-based traffic model (Helbing, 2003; Helbing et al., 2007). The parameters
determining the assumed triangular flow-density relationship on the road sections
are the safe time headway T = 1.8 s, the maximum density ρ max = 140 vehicles per
kilometer, and the speed limit V j0 , which is either set to 50 or to 70 kilometers per
hour. As one can see, the average speed for the self-organized traffic light control
performs similarly well as a fixed cycle strategy, where the cycle time is adjusted to the
traffic volume. Specifically, the green times ∆T j are linearly increased from 15 s for an
average number of 1 car per road section upto 60 s for an average number of 10 cars
per road segment. The offsets of the green phases are optimized by means of Particle
Swarm Optimization (PSO) (Kennedy and Eberhart, 1995). This serves to minimize
the stopping of moving vehicle platoons.
A more detailed, numerical comparison of fixed cycle control schemes with selforganized traffic light controls for urban road networks will be presented in forthcoming publications. Note that, in Ref. (Lämmer and Helbing, 2008), a somewhat
more sophisticated self-control principle has been studied, which involves a shortterm anticipation based on measurements of the arrival flows A j . This self-control
performs particularly well in cases of heterogeneous road networks and stochastically
varying arrival flows, and it can create coordinated flow patterns similar to “green
waves” (where vehicle platoons are not stopped at every traffic light).
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4 Predicting Scholars’ Scientific Impact

4.1 Abstract
By analyzing complete citation data on the careers of ∼ 150, 000 scientists, we tested
the underlying assumption that citation counts are reliable predictors of future success.
Our results show that i) among all citation indicators, the annual citations at the time
of prediction is the best predictor of future citations, ii) future citations of a scientist’s
published papers can be predicted accurately (r 2 = 0.80 for a 1-year prediction, P <
0.001) but iii) future citations of future work are hardly predictable.

4.2 Introduction
Many decisions with regards to the distribution of research funds and the assignment
of positions are based on citation counts (Bornmann and Daniel, 2005b; Cohen, 2008;
Lane and Bertuzzi, 2011; Lehmann et al., 2006). Citation counts are considered for
awarding post-doctoral fellowships, assigning junior faculty positions and tenures
(Boyack and Börner, 2003; Jacob and Lefgren, 2007; Man et al., 2004; Payne and Siow,
1999; Petersen et al., 2010; Weingart, 2005). However, it remains unclear whether
citation-based indicators are appropriate measures to judge a scientist’s future research quality (Hirsch, 2007; Lehmann et al., 2006).
In this study, we analyzed complete panel data on the careers of more than 150, 000
scientists. Considering various metrics of research quality, we tested the underlying
assumption that citation counts are reliable predictors of future scientific success, as
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measured by future citations. Recent studies have partially measured the predictive
power of several citation indicators for scientists’ future citations (Hirsch, 2005, 2007;
Lehmann et al., 2006, 2008). However, because of the limited availability of data, these
analyses are performed on a small population of scientists, and hence cannot establish
with confidence the connection between past and future citations. “There have been
few attempts to discover which of the popular citation measures is best and whether
any are statistically reliable” and “existing databases such as the ISI can therefore
actively help to improve the situation by compiling field-specific homogeneous data
sets similar to what we have generated for SPIRES” (Lehmann et al., 2006).
We considered a range of bibliometric indicators to assess scientists’ research quality.
Productivity and impact are the two main dimensions of research quality (Bornmann
and Daniel, 2009; Egghe and Rousseau, 1990; Garfield, 2006; Garfield and Merton,
1979). Some indicators such as the number of published papers and the mean annual
number of publications only reflect scientists’ productivity. Citation-based indicators,
on the other hand, are used to index impact both at the level of single publications
(Boyack et al., 2005; Mazloumian et al., 2011; Radicchi et al., 2008b) and over individuals’ careers (for example a scientist’s mean citation per paper, or total number
of citations) (Amsterdamska and Leydesdorff, 1989; Leydesdorff, 1998; Moed, 2005;
Petersen et al., 2010, 2011a). However, the probability of an article being cited depends
on various factors (e.g. time, field, journal, availability of the article, authors’social
network) (Bollen et al., 2005; Bornmann and Daniel, 2008; Leydesdorff, 1998; Liu et al.,
2005).
Hirsch proposed the widely-used h index, which combines both productivity and
impact (Hirsch, 2005). A scientist’s h index value is defined as the maximum Natural
number h for which the scientist has h papers with at least h citations. This gives
a lower bound of h 2 citations to the scientist. In comparison with the cumulative
number of citations, the h index is not critically inflated by a small number of highly
cited papers. In the same study, Hirsch defined the m index as a scientist’s h index
value divided by the time (years) elapsed from the first publication of the focal scientist
(Hirsch, 2005).
The applicability of h to evaluate scientists has been heavily investigated in the literature (Bornmann and Daniel, 2007; Hirsch, 2005; Petersen et al., 2011b). High profile
scientists (e.g. Nobel laureates and members National of Academy of Sciences) gener-
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ally score higher h index values. Bornmann and Daniel (2005) tested its applicability
to junior scientists and showed that the decision of a peer-review committee to award
long-term fellowships favored those applicants with higher h index values (Bornmann
and Daniel, 2005a).
A similar citation indicator that combines productivity and impact is the g index
(Egghe, 2006a). A scientist’s g index value it the highest number g of papers that
receives g 2 or more citations. By definition for every scientist g ≥ h. The index inherits
some good properties of the h index (Egghe, 2006b), The index has very different value
than the h index for those who published few highly cited articles.

4.3 Data
We extracted citation information on the careers of ∼ 150, 000 scientists from the
Thomson Reuters Web of Science dataset. The careers comprise about 2 million
papers and around 25 million citations of the papers since 1899. The number of
papers per decade and the number of starting careers per decade are shows in Fig.
4.1. We used publication year, author list and list of references of the papers from
the Thomson Reuters Web of Science dataset. Author names appeared as pairs of
family name and initials (e.g. “S Genoud”). For some of the more recent journals, full
first names of authors were also provided. With our dataset, we therefore faced the
name ambiguity problem, i.e. an initial may refer to more than one unique author,
and an author may have more than one initial. Name ambiguity is a big hurdle in
analyzing individual careers for which there exist no standard solution (Han et al.,
2004; Mann and Yarowsky, 2003; Martin, 1996). A method applicable to one dataset
may not perform well for another.
In our study, instead of solving the complicated name ambiguity problem, we avoid it
by discarding author names that appeared with different initials. For instance, because
“A Smith” and “B Smith” both exist in our dataset of more than 124 million initials,
we discarded family name “Smith”, whereas family name “Ambonati” was selected
because only one initial “M” was associated with it. This not only removes frequent
family names, but also authors with different initials’ spellings (e.g. “A Smith”, “AH
Smith”, “HA Smith” may actually refer to the same author).
This procedure resulted in extracting more than one million family names associated
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(a)

#starting careers

#papers
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(b)

Figure 4.1: Histograms of a) number of papers per decade and b) number of starting
careers per decade. The publication year of a scientist’s first paper is considered as
the starting year of her career.

with unique initials, for a total of about 3.6 million entries. Nevertheless, a family name
with a unique initial may still refer to at least two authors with different first names (e.g.
both Marco Ambonati and Mario Ambonati have initial M). By analyzing the papers for
which full first names were also provided, we estimated the probability of such cases
to be 2.5%. There is also a miniscule probability that a family name with a unique
initial and a unique first name belongs to at least two different authors. However,
estimating this probability is impossible with our current data. We performed our
analysis on more than 150, 000 scientists whose career length, calculated as the time
gap between the first and the last paper, was longer than 5 years. Our results were not
sensitive to the minimum career-length selection criteria.
The result of ambiguity removal procedure is demonstrated in Fig. 4.2. The most
ambiguous family name (“Wang”) appeared in the author lists of about 640, 000
papers, and obviously does not refer to a unique author (Fig 4.2a). After the removal
of ambiguous names, the maximum frequency of a last name with unique initial is
969 for the name “S Oparil”, as shown in Fig. 4.2b. Moreover, the general statistics of
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the selected papers such as the mean number of authors per paper (5.2) or the mean

Estimated survival probablity

(a)

Wang
# publications per last name

Estimated survival probablity

number of references per papers (16.4) remained the same.

(b)

S. Oparil
# publications per non-ambiguous names

Figure 4.2: Effect of removing authors with ambiguous names. a) Cumulative distribution of the number of occurrences of family names in the author lists of distinct papers
before the removal. b) Cumulative distribution of number of papers per scientists
after removing ambiguous names.

4.4 Model
At every year y during a scientist’s career, our goal is to estimate two quantities: a) the
total citations received by her papers published before y, in the k subsequent years
[y + 1, y + k], and b) the citations of her papers published in the w subsequent years
[y + 1, y + w], received in the k subsequent years [y + 1, y + k]. Obviously, the time of
prediction y varies between the publication year of her first to last paper (Fig. 4.3).
Papers published before the time of prediction were treated as past papers and papers
published afterwards as future papers. Obviously, future citations may refer to both
past papers and future papers. Because the information about past citations of past
papers is available at the time of prediction, estimating future citations of past papers
is easier.
The information that we used in our model is the value of 10 prominent citation
indicators at the time of prediction, namely the number of papers, the total number
of citations, the career length, the average number of published papers per year, the
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Time of prediction
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past papers
p1
start of career

p2

p3

p4

y

Figure 4.3: A schematic career for a scientist with 4 papers {p 1 , p 2 , p 3 , p 4 }. We consider
her career from her first paper p 1 . At prediction point y, we estimate the citations
received in [y +1, y +k] of both past papers (p 1 and p 2 ), and of future papers published
in [y + 1, y + w] (p 3 ). Paper p 4 is a future paper which is not published in time-window
w, and therefore excluded for the time-windows as defined by w and k.

average annual citations, the annual citations at the time of prediction, the average
citations per paper, the h index, the m index, and the g index.
The prediction points were time-lagged according to w and k. For w = k, every w + 1
year we added a prediction point. Obviously, for w > k we added a prediction point
every k + 1 year. Because no paper published after the k-th year receives citations
within the first k years. The earliest prediction point was 5 years after the publication
year of first paper. This gave us between ∼ 143, 000 (for 10-year predictions of ∼
104, 000 long careers) and ∼ 706, 000 (for 1-year predictions of all careers) prediction
points.
For example, suppose a scientist’s first paper was published in 1990 and her last paper was published in 2003. For w = 2 and k = 5, we chose prediction years at 1995,
1998, and 2001. The corresponding future citations periods were then [1996, 2000],
[1999, 2003], and [2002, 2006]. Although consecutive samples overlap in citation period, no citation is counted more than once. Because selected papers do not overlap
in consecutive samples.
Estimating future citations using multi-level regression models. Due to the nested
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structure of data (within-person time observations), we used multi-level regression
models with random effects at the individual level. We implemented the models in
“STATA” software using the “xtreg” function with the “mle” option. All variables were
added in log scale.

4.5 Results
To estimate future citations, we considered the effectiveness of 10 prominent citation
indicators, namely the number of papers, the total number of citations, the career
length, the average number of published papers per year, the average annual citations,
the annual citations at the time of prediction, the average citations per paper, the h
index, the m index, and the g index. The future citations of past and future papers
were estimated with multi-level regression models. We compared for various time
horizons, the coefficient of determination between models with different predictors
(citation indicators).
For various ks and ws , Table 4.1 compares how well the average citation per paper
(Nc /N p ), the h index and the annual received citations C y in the year of prediction y,
and also all the 10 indicators can predict future citations.
First, we consistently found that the annual citations C y at the time of prediction y
was the best predictor of future citations among the indicators (Table 4.1), and that
including the remaining 9 indicators increased the explained variance only by a small
amount. The comparison between C y as a single predictor and all the 10 indicators
(including C y ) are illustrated in Fig. 4.4. The model parameter values for various ks
and ws with the single predictor C y are shown in Table 4.2).
Second, for past papers, C y explained 80% of the variance of future citations in the
following year [slope(b) = 0.89, LRχ2 (d f = 1) = 1.1106, P < 0.001]. As its prediction
power decayed over longer time horizons, C y explained 65% of the variance of future
citations of past papers for a 10-year prediction (b = 1.31, LRχ2 (d f = 1) = 146714.5,
P < 0.001). When we added the remaining 9 indices, the explained variance increased
from 80 to 83% for the 1-year prediction, and from 65 to 74% for the 10-year prediction.
For short time horizons (k = 1), the future citations of past papers are much better
estimated by C y , than the h index or the average citation per paper (Table 4.1 for k = 1
and k = 3).
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Time of prediction
Paper Selection
Time-window
Total variance
Total Explained
Explained by C y

Past papers
-1 0 1 2 3 4 5 6 7 8 9 10
Time [year]
Figure 4.4: Explained variance of future citations. Future citations of published papers
(bottom) and of future papers in k = 1, 3, and 10 subsequent years (marked with
paper selection time-windows in top 3) for 1 to 10 years after the time of prediction
were estimated. Explained variance by annual citations (C y ) in black; Extra explained
variance by including the remaining indicators in red.

Third, the explained variance of future citations of future papers varied between 9 to
23%, as estimated by C y , and between 10 to 27%, as estimated by all 10 indicators (Fig.
4.4). Estimating citations for shorter time horizons was generally harder.

4.6 Discussion
There is disagreement in the literature over the predictive power of the h index and
that of the average number of citations per paper (Hirsch, 2007; Lehmann et al., 2006).
In agreement with Hirsch’s study (Hirsch, 2007), we found that the h index is a better
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Time windows
past, k = 1
past, k = 10
w = 1, k = 1
w = 3, k = 3
w = 7, k = 7
w = 10, k = 10

Predictors
Nc /N p
0.49
0.47
0.02
0.08
0.12
0.13

h index
0.63
0.61
0.05
0.12
0.16
0.16

Cy
0.80
0.65
0.09
0.21
0.23
0.21

All 10 indicators
0.83
0.74
0.10
0.24
0.28
0.26

Table 4.1: Explained variance of future citations estimated by the average number
of citations per paper Nc /N p (1st column), the h index (2nd column), the annual
citations at the time of prediction C y (3rd column), and all the 10 indicators (4th
column).
predictor for the future citations of both published papers and future papers (Table
4.1). None of the studies, however, assessed C y , which we found to be the most
powerful predictor of future citations. Discipline-wise analysis would require difficult
choices in terms of classifying scholars and papers into disciplines. This classification
requires extensive technical justifications, and we therefore reserve it for a future
paper.
Our results have shown that the existing citation indices do not predict citations of
future work well, and hence should not be given significant weight in evaluating
academic potential. Including various indicators and testing various prediction time
horizons, our results are still in agreement with Hirsch’s study “past performance is not
predictive of future performance.”(Hirsch, 2007). Even combining multiple citation
indicators did not significantly improve the prediction: apart from citation indicators,
no better predictor of the impact of future work exists.

81

Chapter 4. Predicting Scholars’ Scientific Impact

Time windows
Intercept (SE)
b (SE)
R-sq
LRχ2 (d f = 1)
# observations
# scientists

past, k=1
0.18(0.001)
0.89(0.000)
0.80
1.15 × 106
706, 628
150, 819

Model 1
past, k=10
1.15(0.004)
1.31(0.003)
0.64
146, 714.5
141, 993
104, 318

Model 2

w=1, k=1
0.03(0.001)
0.07(0.000)
0.09
25, 026.0
706, 628
150, 819

Model 3

w=3, k=3
0.22(0.002)
0.30(0.001)
0.21
32, 083.4
368, 363
140, 404

Model 4

w=7, k=7
0.57(0.004)
0.62(0.003)
0.23
43, 250.2
193, 618
119, 414

Model 5

w=10, k=10
0.76(0.005)
0.73(0.004)
0.21
32, 568.9
141, 993
104, 318

Model 6

Table 4.2: Future citations of published papers (Model 1 and 2) and future papers (Model 3, 4, 5 and 6) at the time of prediction as
estimated by the annual citations at the time of prediction.
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5 How Citation Boosts Promote Scientific Paradigm Shifts and Nobel Prizes
5.1 Abstract
Nobel Prizes are commonly seen to be among the most prestigious achievements of
our times. Based on mining several million citations, we quantitatively analyze the
processes driving paradigm shifts in science. We find that groundbreaking discoveries
of Nobel Prize Laureates and other famous scientists are not only acknowledged by
many citations of their landmark papers. Surprisingly, they also boost the citation
rates of their previous publications. Given that innovations must outcompete the
rich-gets-richer effect for scientific citations, it turns out that they can make their
way only through citation cascades. A quantitative analysis reveals how and why they
happen. Science appears to behave like a self-organized critical system, in which
citation cascades of all sizes occur, from continuous scientific progress all the way
up to scientific revolutions, which change the way we see our world. Measuring the
“boosting effect” of landmark papers, our analysis reveals how new ideas and new
players can make their way and finally triumph in a world dominated by established
paradigms. The underlying "boost factor" is also useful to discover scientific breakthroughs and talents much earlier than through classical citation analysis, which by
now has become a widespread method to measure scientific excellence, influencing
scientific careers and the distribution of research funds. Our findings reveal patterns
of collective social behavior, which are also interesting from an attention economics
perspective. Understanding the origin of scientific authority may therefore ultimately
help to explain, how social influence comes about and why the value of goods depends
so strongly on the attention they attract.
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5.2 Introduction
Ground-breaking papers are extreme events (Albeverio et al., 2006) in science. They
can transform the way in which researchers do science in terms of the subjects they
choose, the methods they use, and the way they present their results. The related
spreading of ideas has been described as an epidemic percolation process in a social
network (Bettencourt et al., 2006). However, the impact of most innovations is limited.
There are only a few ideas, which gain attention all over the world and across disciplinary boundaries (Davenport and Beck, 2001). Typical examples are elementary
particle physics, the theory of evolution, superconductivity, neural networks, chaos
theory, systems biology, nanoscience, or network theory.
It is still a puzzle, however, how a new idea and its proponent can be successful, given
that they must beat the rich-gets-richer dynamics of already established ideas and
scientists. According to the Matthew effect (Merton, 1968, 1988; Petersen et al., 2011a;
Scharnhorst, 1997), famous scientists receive an amount of credit that may sometimes
appear disproportionate to their actual contributions, to the detriment of younger
or less known scholars. This implies a great authority of a small number of scientists,
which is reflected by the big attention received by their work and ideas, and of the
scholars working with them (Malmgren et al., 2010).
Therefore, how can a previously unknown scientist establish at all a high scientific
reputation and authority, if those who get a lot of citations receive even more over
time? Here we shed light on this puzzle. The following results for 124 Nobel Prize
Laureates in chemistry, economics, medicine and physics suggest that innovators can
gain reputation and innovations can successfully spread, mainly because a scientist’s
body of work overall enjoys a greater impact after the publication of a landmark paper.
Not only do colleagues notice the ground-breaking paper, but the latter also attracts
the attention to older publications of the same author (see Fig. 5.1).
Consequently, future papers have an impact on past papers, as their relevance is newly
weighted.
We focus here on citations as indicator of scientific impact (Amsterdamska and Leydesdorff, 1989; Egghe and Rousseau, 1990; Garfield, 2006; Garfield and Merton, 1979;
Petersen et al., 2010), studying data from the ISI Web of Science, but the use of click
streams (Bollen et al., 2005) would be conceivable as well. It is well-known that the rel84
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Figure 5.1: Illustration of the boosting effect. Typical citation trajectories of papers,
here for Nobel Prize Laureate John Bennett Fenn, who received the award in chemistry
in 2002 for the development of the electrospray ionization technique used to analyze
biological macromolecules. The original article, entitled Electrospray ionization for
mass spectrometry of large biomolecules, coauthored by M. Mann, C. K. Meng, S. F.
Wong and C. M. Whitehouse, was published in Science in 1989 and is the most cited
work of Fenn, with currently over 3, 000 citations. The diagram reports the growth in
time of the total number of citations received by this landmark paper (blue solid line)
and by six older papers. The diagram indicates that the number of citations of the
landmark paper has literally exploded in the first years after its appearance. However,
after its publication in 1989, a number of other papers also enjoyed a much higher
citation rate. Thus, a sizeable part of previous scientific work has reached a big impact
after the publication of the landmark paper. We found that the occurrence of this
boosting effect is characteristic for successful scientific careers.

ative number of citations correlates with research quality (Aksnes, 2006; Moed, 2005;
Trajtenberg, 1990). Citations are now regularly used in university rankings (Van Raan,
2005), in academic recruitments and for the distribution of funds among scholars and
scientific institutions (Boyack and Börner, 2003).

5.3 Results
We evaluated data for 124 Nobel Prize Laureates that were awarded in the last two
decades (1990-2009), which include an impressive number of about 2 million citations.
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Figure 5.2: Typical time evolutions of the boost factor. Temporal dependence of R w
(t )
for Nobel Laureates [here for (a) Mario R. Capecchi (Medicine, 2007), (b) John C.
Mather (Physics, 2006), (c) Roger Y. Tsien (Chemistry, 2008) and (d) Roger B. Myerson
(Economics, 2007)]. Sharp peaks indicate citation boosts in favor of older papers,
triggered by the publication and recognition of a landmark paper. Insets: The peaks
even persist (though somewhat smaller), if in the determination of the citation counts
c p,t , the landmark paper is skipped (which is defined as the paper that produces the
largest reduction in the peak size, when excluded from the computation of the boost
factor). We conclude that the observed citation boosts are mostly due to a collective
effect involving several publications rather than due to the high citation rate of the
landmark paper itself.

For all of them and other internationally established experts as well, we find peaks in
the changes of their citation rates (Figs. 5.2 and 5.3). Moreover, it is always possible to
attribute to these peaks landmark papers (Fig. 5.4), which have reached hundreds of
citations over the period of a decade. Such landmark papers are rare even in the lives
of the most excellent scientists, but some authors have several such peaks.
Technically, we detect a groundbreaking article a published at time t = t a by compar86
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Figure 5.3: Dynamics of the boost factor R w
(t ) versus traditional citation variables.
0
Each panel displays the time histories of four variables: the boost factor R w
(t ), the
average number of citations per paper 〈c(t )〉, the cumulative number of citations
C (t ), and the H -index earned until year t (Hirsch, 2005). The panels refer to the same
Nobel Laureates as displayed in Fig. 5.2. The classical indices have relatively smooth
profiles, i.e. they are not very sensitive to extreme events in the life of a scientist like
the publication of landmark papers. An advantage of the boost factor is that its peaks
allow one to identify scientific breakthroughs earlier.

ing the citation rates before and after t a for the earlier papers. The analysis proceeds
as follows: Given a year t and a time window w, we take all papers of the studied
author that were published since the beginning of his/her career until year t . The
citation rate R <t ,w measures the average number of citations received per paper per
year in the period from t − w + 1 to t . Similarly, the citation rate R >t ,w measures the
average number of citations received by the same publications per paper per year
between t +1 and t + w (or 2009, if t + w exceeds 2009). The ratio R w (t ) = R >t ,w /R <t ,w ,
which we call the “boost factor”, is a variable that detects critical events in the life of a
scientist: sudden increases in the citation rates (as illustrated by Fig. 5.1) show up as
87
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Top percentage
0
Figure 5.4: Correlation between papers and the local maxima (“peaks”) of R w
(t ). We
first determined the ranks of all papers of an author based on the total number of
citations received until the year 2009 inclusively. We then determined the rank of that
particular publication, which had the greatest contribution to the peak. This was done
by measuring the reduction in the height of the peak, when the paper was excluded
from the calculation of the boost factor (as in the insets of Fig. 5.2). The distribution
of the ranks of “landmark papers” is dominated by low values, implying that they are
indeed among the top publications of their authors.

peaks in the time-dependent plot of R w (t ).
0
In our analysis we used the generalized boost factor R w
(t ), which reduces the influ-

ence of random variations in the citation rates (see Materials and Methods).
0
Figure 5.2 shows typical plots of the boost factors R w
(t ) of four Nobel Prize Laureates.

Interestingly, peaks are even found, when those papers, which mostly contribute to
them, are excluded from the analysis (see insets of Fig. 5.2). That is, the observed
increases in the citation rates are not just due to the landmark papers themselves,
but rather to a collective effect, namely an increase in the citation rates of previously
published papers. This results from the greater visibility that the body of work of
the corresponding scientist receives after the publication of a landmark paper and
establishes an increased scientific impact (“authority”). From the perspective of
attention economics (Wu and Huberman, 2007), it may be interpreted as a herding
effect resulting from the way in which relevant information is collectively discovered
in an information-rich environment. Interestingly, we have verified that the older
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papers receiving the boost are not always works related to the topic of the landmark
paper.
Traditional citation analysis does not reveal such crucial events in the life of a scientist
very well. Figure 5.3 shows the time history of three classical citation indices: the
average number of citations per paper 〈c(t )〉, the cumulative number C (t ) of citations,
and the Hirsch index (Hirsch, 2005) (h-index) H (t ) in year t . For comparison, the
0
evolution of the boost factor R w
(t ) is depicted as well. All indices were divided by their

maximum value, in order to normalize them and to use the same scale for all. The
profiles of the classical indices are rather smooth in most cases, and it is often very
hard to see any significant effects of landmark papers. This is not surprising, though, as
the boost factor is designed to capture abrupt variations in the citation rates, whereas
both C (t ) and H (t ) take into account the overall production of a scientist and are then
less sensitive to extreme events.
To gain a better understanding of our findings, Figs. 5.4 and 5.5 present a statistical
analysis of the boosts observed for Nobel Prize Laureates. Figure 5.4 demonstrates
that pronounced peaks are indeed related to highly cited papers. Furthermore, Fig.
5.5 analyzes the size distribution of peaks. The distributions, obtained for different
values of the parameters w and k, look like power laws, which suggests that the
bursts are produced by citation cascades as they would occur in a self-organized
critical system (Bak et al., 1987). In fact, power laws were found to result from human
interactions also in other contexts (Barabási, 2005; Malmgren et al., 2009; Oliveira and
Barabási, 2005).
The mechanism underlying citation cascades is the discovery of new ideas, which
colleagues refer to in the references of their papers. Moreover, according to the richgets-richer effect, successful papers are more often cited, also to raise their own
success. Innovations may even cause scientists to change their research direction or
approach. Apparently, such feedback effects can create citation cascades, which are
ultimately triggered by landmark papers.
Finally, it is important to check whether the boost factor is able to distinguish exceptional scientists from average ones. Since the quantitative criteria to identify “normal”
scientists may be questionable, we preferred to assemble a set of scientists taken at
random. The set comprises 1361 scientists, randomly selected among those who
published at least one paper in the year 2000. In Fig. 5.6 we draw each scientist of
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Cumulative probability
w=5
w=2

k=1

Peak size
Figure 5.5: Cumulative probability distribution of peak heights in the boost factor
curves of Nobel Prize Laureates. The four panels correspond to different choices of
the parameters k and w. The power law fits (lines) are performed with the maximum
likelihood method (Clauset et al., 2007). The exponents for the direct distribution
(of which the cumulative distribution is the integral) are: 3.63(16) (top left), 2.93(16)
(bottom left), 1.63(5) (top right), 1.41(5) (bottom right). The best fits have the following
lower cutoffs and values of the Kolmogorov-Smirnov (KS) statistics: 1.06, 0.0289 (top
left); 1.15, 0.0264 (bottom left); 13.1, 0.038 (top right); 24.7, 0.0462 (bottom right). The
KS values support the power law ansatz for the shape of the curves.

our random sample (empty circles), along with the Nobel Prize Laureates we have
considered (full circles), on a bidimensional plane. The two dimensions are the value
of the boost factor and the average number of citations of a scientist. The line separates both populations in the proportions of 79% and 21%. The separation is not neat,
due to two main reasons. First, by picking a large number of scientists at random,
like we did, there is a finite probability to choose also outstanding scholars. We have
verified that this is the case. Therefore, some of the empty circles deserve to sit on the
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top-right part of the diagram, like many Nobel Prize Laureates. The second reason
is that we are considering scholars from different disciplines, which have different
citation frequencies, in general. This affects especially the average number of citations
of a scientist, but also the value of the boost factor. In this way, the position in the
diagram is affected by the specific research topic, and the distribution of the points
in the diagram of Fig. 5.6 looks smooth. Still, the two datasets, though overlapping,
appear distinct. Adding further dimensions could considerably improve the result.
In this respect, the boost factor can be used together with other measures to better

Log ( Effect size )

specify the performance of scientists.

Nobel laureates
79%
21%
21%
79%
Random sample

Log ( Average citation per paper )
Figure 5.6: Bidimensional representation of our collection of Nobel Prize Laureates
and a set of 1361 scientists, randomly selected. On the x-axis we report the average
number of citations of a scientist, on the y-axis his/her boost factor.

5.4 Conclusions
In summary, groundbreaking scientific papers have a boosting effect on previous
publications of their authors, bringing them to the attention of the scientific community and establishing their “authority”. We have provided the first quantitative
characterization of this phenomenon by introducing a new variable, the “boost factor”,
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which is sensitive to sudden changes in the citation rates. The fact that landmark
papers trigger the collective discovery of older papers amplifies their impact and tends
to generate pronounced spikes long before the paper receives full recognition. The
boosting factor can therefore serve to discover new breakthroughs and talents more
quickly than classical citation indices. It may also help to assemble good research
teams, which have a pivotal role in modern science (Guimerà et al., 2005; Jones et al.,
2008; Wuchty et al., 2007).
The power law behavior observed in the distribution of peak sizes suggests that science
progresses through phase transitions (Stanley, 1987) with citation avalanches on all
scales—from small cascades reflecting quasi-continuous scientific progress all the
way up to scientific revolutions, which fundamentally change our perception of the
world. While this provides new evidence for sudden paradigm shifts (Kuhn, 1962), our
results also give a better idea of why and how they happen.
It is noteworthy that similar feedback effects may determine the social influence of
politicians, or prices of stocks and products (and, thereby, the value of companies). In
fact, despite the long history of research on these subjects, such phenomena are still
not fully understood. There is evidence, however, that the power of a person or the
value of a company increase with the level of attention they enjoy. Consequently, our
study of scientific impact is likely to shed new light on these scientific puzzles as well.

Methods
The basic goal is to improve the signal-to-noise ratio in the citation rates, in order to
detect sudden changes in them. An effective method to reduce the influence of papers
with largely fluctuating citation rates is to weight highly cited papers more. This can
be achieved by raising the number of cites to the power k, where k > 1. Therefore, our
0
formula to compute R w
(t ) looks as follows:

P Pt +w
0
Rw
(t ) =

p

t 0 =t +1

P Pt
p

(c p,t 0 )k

t 0 =t −w+1

(c p,t 0 )k

.

(5.1)

Here, c p,t 0 is the number of cites received by paper p in year t 0 . The sum over p
includes all papers published before the year t ; w is the time window selected to
compute the boosting effect. For k = 1 we recover the original definition of R w (t ) (see
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main text). For the analysis presented in the paper we have used k = 4 and w = 5, but
our conclusions are not very sensitive to the choice of smaller values of k and w.
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6 Global Multi-Level Analysis of the
‘Scientific Food Web’
6.1 Abstract
We introduce a network-based index analyzing excess scientific production and consumption to perform a comprehensive global analysis of scholarly knowledge production and diffusion on the level of continents, countries, and cities. Compared to
measures of scientific production and consumption such as number of publications
or citation rates, our network-based citation analysis offers a more differentiated
picture of the ‘ecosystem of science’. Quantifying knowledge flows between 2000 and
2009, we identify global sources and sinks of knowledge production. Our knowledge
flow index reveals, where ideas are born and consumed, thereby defining a global
‘scientific food web’. While Asia is quickly catching up in terms of publications and
citation rates, we find that its dependence on knowledge consumption has further
increased.

6.2 Introduction
Paper and citation counts are the ‘official currency’ in science and are widely used
to assess the productivity and impact of authors, institutions, and scientific fields
(Cronin, 1984; Garfield, 2006; Petersen et al., 2011a; Radicchi et al., 2008a, 2009). Many
academic rankings focus on numbers P (t ) of publications in leading journals and
citations rates C (t ), i.e., on knowledge production and consumption over time t .
Examples are rankings of people, institutions, cities, or journals (Bollen et al., 2009b;
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Bornmann and Leydesdorff, 2011; Bornmann et al., 2012; Mazloumian et al., 2011).
They show that new powers such as China and Brazil have recently emerged on the
global scientific landscape (Zhou and Leydesdorff, 2006). Extrapolating these trends,
it seems that the USA and Europe might lose their academic leadership.
However, academic leadership requires one to be first to publish a paper and others
to cite the ideas. Simple counts of publications and citations of an entity (be it an
author, institution, city, geographic area, journal, or scientific field) do not reveal who
cites whom (thereby consuming knowledge from others), and who is cited (i.e., who
produces knowledge consumed by others). The network-based approach proposed
here assumes the existence of a ‘scientific food web’ that interconnects academic
entities via knowledge flows.
A network perspective is important, because in many complex systems (such as the
scientific ecosystem), interaction effects can be more relevant for the resulting system
behavior than the properties of the interacting entities themselves. For example, it
has been shown that author teams manage to be more successful than single authors
(Börner et al., 2005; Guimerà et al., 2005; Woolley et al., 2010; Wuchty et al., 2007). The
social, network-based character of knowledge diffusion underlines this perspective as
well (Fowler and James, 2009; Lazer et al., 2009; Valente, 1996).
Compared with other ecosystems (Gross et al., 2009; May, 1983), an entity in the
scientific food web is considered to be particularly successful (‘fit’), if its knowledge is
consumed (cited) more than expected. The analogy to ecosystems is chosen here to
pronounce the mutual interdependencies and synergy effects in knowledge creation,
since the production of new knowledge is nourished by the previous existence of
relevant knowledge sets and their recombination. This is in line with research that
uses the concept of ecosystems to shed new light on financial markets (Haldane and
May, 2011) and the evolution of national economies (Hidalgo et al., 2007).
In previous work, networks of scientific papers (de Solla Price, 1965) were used to
analyze the evolution of scientific fields (Boyack et al., 2009), to study innovation diffusion (Goffman, 1966; Goffman and Newill, 1964) or clickstream patterns (Bollen et al.,
2009a), and to model the emergence and development of scientific fields (Bettencourt
et al., 2008). Moreover, knowledge diffusion has been mapped between 500 major U.S.
academic institutions, using a 20-year dataset of 47, 073 PNAS papers (Börner et al.,
2006). Other research studied knowledge import patterns for the field of transporta96
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tion (Wu, 2012). Our current study goes significantly beyond this by proposing and
validating a new network-based index measuring higher-than-expected knowledge
flows, which can be consistently applied on multiple levels. We demonstrate this by
evaluating 13 million papers to identify global trends of knowledge diffusion at the
level of continents, countries, and cities.

6.3 Results
We have analyzed the 80 million citations between 13 million papers published in the
time period 2000 to 2009, as recorded in Thomson Reuters Web of Science (WoS). As
the interaction of geographic locations is of particular interest, we have geolocated
the papers using the first authors’ postal address. (The addresses of the other authors
are often not available in this database.)
To measure the knowledge flow between geographic locations or areas, collectively
referred to as entities i , we proceed as follows: Let C i j be the number of citations,
which papers produced by entity j receive from papers by entity i in the time period
P
under consideration. Then, C j = i C i j is the total number of citations that entity j
P
receives from all entities. R i = j C i j is the total number of references listed in papers
P
produced by entity i , citing other papers in our dataset. R = i R i is the total number
of references pointing to other papers. P i denotes the number of papers produced by
P
entity i and P = i P i the total number of papers generated during the time period of
consideration.
In order to assess the significance of knowledge flows, we need some kind of baseline
scenario to compare with. Let us assume all papers would have the same capacity to
attract citations. In such a case, the references listed in papers of entity i would cite
the papers published by entity j in a proportional way, and the expected number of
citations from i to j would be E (C i j ) = R i P j /P . Consequently, the proposed networkbased index
Si j =

C i j − E (C i j )
Ri

=

Ci j
Ri

−

Pj
P

(6.1)

measures the excess citations per reference (i.e., the relative surplus). The index
quantifies the interactions between a finite number of papers, which are distributed
over a fixed set of entities such as geolocations. Note that the above formula considers
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Figure 6.1: World map of knowledge production and consumption in 6 major geographic areas of the world (North America, South America, Europe, Asia, Australia and
Africa). Circle size reflects the number of papers P i produced by the corresponding
entities i . The inner circle is for 2000-2002, the outer one for 2007-2009. The size of
the pies represents (A) the relative proportion of citations C i that the entities earned in
the 6 geographic areas, (B) similar for references R i recorded in the Thomson Reuters
Web of Science database. The number of papers and citations have increased over
time in all geographic areas, but their shares of references and citations have changed.
For example, Asia reaches higher shares recently, characterizing it as an emergent
scientific power, which has become almost comparable to North America or Europe.
Note that, in the three leading knowledge producing areas, the majority of references
cites papers published in the same geographic area, i.e., proximity matters.
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self-citations of entity i . The slightly modified network flow index
Ci j

µ
Fji =

R i −C i i

−

Pj
P − Pi

¶

Pi
P

(6.2)

with F i i = 0 removes the effect of self-citations. Defining (excess) knowledge flows
from entity j to i in this way, the weighting factor P i /P takes into account the volume
of papers contributing to them, and the formula has the favorable mathematical
P
properties −1 ≤ F i j < 1 and i F i j = 0 This makes the index values easy to interpret: A
positive flow indicates a surplus, i.e., an entity is cited more often than expected. A
negative flow indicates a deficit, i.e., the entity is cited relatively little compared to
the number of papers it produces. A neutral knowledge flow is not necessarily a sign
of academic inactivity, but indicates that an entity receives the number of citations
expected on average.
We now define the index of (scientific) fitness
Ki =

X

Fi j

(6.3)

j

by summing up the (excess) knowledge flows from an entity i to all other entities j . It
measures how much the consumption of knowledge created by entity i exceeds the
statistical expectation.
−1 ≤ K i < 1 and

P

i

K i = 0. It becomes negative if entity j cites other publications

more frequently than expected, while a positive value indicates that j is a net creator of knowledge. Entities with a negative overall knowledge flow are referred to
as ‘knowledge sinks’, while those with positive knowledge flow are called ‘knowledge
sources’. As entities with low academic activity rate around K i = 0, fitness does not
measure academic strength, but the likely ability to thrive, if the consumption of
external knowledge would be reduced. In other words, scientific fitness, as defined
above, measures the resilience to the reduction of external inputs of knowledge.
To assess the plausibility of our new indices, we create rankings of geolocations based
on the number of papers P i , the number of citations C i , the number of citations per
paper C i /P i , and the fitness K i . In order to have reliable index values (based on the
statistical law of large numbers), we consider only entities with more than P i = 500
publications in the investigated time period (848 geolocations fit that criterion in both
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considered time periods).
Our analysis shows the following: (1) The number of papers P i and citations C i are
largely determined by the size of a country or city (see Tables 6.1 [countries] and 6.2
[cities]). Industrial countries perform better, but emerging scientific powers such as
China and Brazil are catching up quickly (see Fig. 6.1). (2) The number of citations per
paper, C i /P i is particularly high in countries such as Switzerland and The Netherlands,
while the average performance of big countries seems to be pulled down by a large
number of poorly performing academic institutions (see Table 6.1). The related city
ranking appears to be sensitive to particularities such as the research focus of an
institution. (3) Rankings based on fitness for countries (see Table 6.1) and for cities
(Table 6.2) confirm known knowledge-producing areas in the world (see Fig. 6.2).
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B

-0.005
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Figure 6.2: World map of the greatest knowledge sources and sinks, based on our
scientific fitness index. Green bars indicate that the number of citations received is
over-proportional, red that the number of citations received is lower than expected
(according to a homogeneous distribution of citations over all cities that have published more than 500 papers). It can be seen that most scientific activity occurs in the
temperate zone. Moreover, areas of high fitness tend to be areas that are performing
economically well (but the opposite does not hold).

A closer look at the knowledge flows between different areas of the world shows that,
despite the phenomenal growth of scientific productivity in Asian countries (see Fig.
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6.1), the dependence on knowledge produced in the North America and Europe has
further increased (see Fig. 6.3). Note that the bars in Fig. 6.3 do not measure the
distance between competitors, but the rate at which this distance changes. That is,
as long as the bar is green, the distance between competitors grows, while the rate at
which the distance increases shrinks, if the bar gets shorter. Examining Fig. 6.3 more
closely, the top row shows that North America is a major source of the knowledge that
is consumed in Europe and Asia. Nevertheless, the excess knowledge flows from North
America and Europe have decreased in the past decade. South America, in contrast, is
improving its performance, while Africa’s scientific activity is still on a low level (see
also Fig. 6.1).

6.4 Discussion
In conclusion, our study addresses the fact that indices exclusively oriented at knowledge production or consumption (such as numbers of papers or citations), do not
measure the most crucial property of the ecosystem of science, which is knowledge
exchange. Given that the creation and diffusion of knowledge largely depend on social
networks (Lee and Cunningham, 2012; Newman, 2001), and given the large relevance
of network theory in many scientific areas, we believe that classical, node-based indices must be complemented by network-based indices. We, therefore, expect that
there will be a whole new class of network-based scientific indices besides betweenness centrality (Leydesdorff and Rafols, 2011) and PageRank (Chen et al., 2007) to
characterize the scientific ecosystem in the future.
Here, we propose to measure scientific leadership by a network-based index that
quantifies excess knowledge consumption by others. For knowledge leadership, the
position of an entity in the scientific food web is crucial. It is important to understand
whether a scientific entity is citing or being cited (‘consumed’), and whether one is first
to publish an idea or second. Our definition of knowledge flows captures the essence
of this and has favorable mathematical properties. Our empirical analysis with Web of
Science data reveals that the consumption of knowledge from North America, Europe,
and China decreases relative to their production, while South America is improving
its position.
The network-based knowledge flow index has the favorable property that it allows one
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Figure 6.3: Relative knowledge flows between major geographic areas. North America
and Europe exceed the expected number of citations to all geographic areas by far.
South American and Asian papers are less cited than expected. Note that the bars do
not measure the distance between competitors, but the rate at which this distance
changes. That is, as long as the bar is green, the distance between competitors grows,
while the rate at which the distance increases shrinks, if the bar gets shorter. For
example, South America has significantly reduced the pace at which the knowledge
gap with regard to its competitors increases. Europe and North America are the two
most strongly coupled knowledge-producing areas in the world. However, North
America has considerably higher relative knowledge flows to South America and Asia
than Europe.

to derive a related node-based index, which we call the fitness of a scientific entity. The
corresponding fitness ranking is compatible with other science rankings of cities (see
Fig. 6.4). However, our index has the advantage that everyone with access to citation
data can measure it, since it does not require surveys or Web analytics. Notably, the
same knowledge flow and fitness indices can also be applied to scientific fields and
subdisciplines.
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Fitness Rank
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Webometrics Rank

Figure 6.4: Comparison of our fitness-based ranking of countries with the
Webometrics ranking.
The Webometrics rank measures the visibility of
academic institutions in terms of web links to their web domains (see
http://www.webometrics.info/Distribution_by_Country.asp). However, it does not
measure relative citations flows. The Webometrics ranking of 2012 includes 45 countries, while our fitness values are determined for the 46 countries, which produced
more than 1,000 Web of Science-listed papers per year. The figure shows the 40 countries, which appeared in both rankings. The United State is first in both rankings. The
other countries are distributed around the diagonal, indicating that both rankings are
pretty much consistent with each other.

Methods
Dataset
Journal paper records for the years 2000–2009 were retrieved from Thomson Reuters’
Web of Science (WoS) data. The dataset comprises about 13 million journal papers
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and 80 million citations between them (citations of non-WoS papers are not included
in the dataset). While the WoS dataset has inherent limitations, e.g., does not include
book or most conference publications and it is dominated by English publications,
WoS is still considered to be the standard dataset to run global citation analyses
accross all areas of science.

Determination of Geographic Location
All papers were geolocated with a success rate of 91.8%, using the Yahoo! geocoder in
the Science of Science (Sci2) Tool. We found 47,333 unique geo-locations (latitudelongitude pairs) and 80 million citations between them. From these, we identified all
science locations with more than 500 publication during the period under consideration. Self-citations were excluded.
Each paper was geolocated, using the address field of the corresponding author (C1),
or reprint address fields (RP) when no corresponding author was specified. For the
selected address fields, we used the state field (NP), if the country field (NU) pointed
to the US, and the city field (NY) otherwise. 12 million journal records (91.8% of all
publications) were successfully geo-located with 80,793 unique city/state-country
pairs. The other 8.2% of the journal records either did not have the required address
fields, or the Yahoo! Geocoder detected their address fields as invalid. The geocoder
provided latitude and longitude values with 14 digit decimals.
We aggregated the neighboring locations by rounding latitude and longitude values
to 2 digits. This resulted in 47,333 unique geo-locations (latitude-longitude pairs).
Finally, the top-550 major geolocations were identified, using the number of raw
citation and reference counts.

Identification of Trends from Geolocated Records
To identify trends, the 10-year dataset was divided into 8 partially overlapping time
slices: 2000–2002, 2001–2003 . . . 2007–2009. For each time slice, a network was extracted that comprises citations of papers published in the last year, received from
papers published within the whole time slice. For example, time slice 2000–2002
considers all citations of recorded papers published in 2002, received from papers
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published in 2000–2002. Therefore, only early citations to papers are captured, i.e.,
those made shortly after publication. The total number of these early citations is 31
Table
S1: Top
10 countrytoranking,
on thenumber
number ofofpapers
P, the from
number
of to papers
million
(which
amounts
39% ofbased
the total
citations
and

published citations
within the
whole
10-year
timeper
period).
C, the
number
of citations
paper C/P, and the scientific fitness K.
Rank
1
2
3
4
5
6
7
8
9
10

P 2007-2009
USA
China
United Kingdom
Germany
Japan
France
Canada
Italy
Spain
India

P 2007-2009
1263487
315616
291110
247151
239669
161873
155552
148259
120244
110937

C 2007-2009
USA
United Kingdom
Germany
China
Japan
France
Canada
Italy
Spain
Australia

C 2007-2009
1922559
397207
354975
335800
283537
217867
202639
184793
139274
131016

C/P 2007-2009
Switzerland
Denmark
Netherlands
USA
Sweden
Germany
Belgium
Singapore
Finland
United Kingdom

C/P 2007-2009
1.795
1.601
1.582
1.522
1.489
1.436
1.411
1.404
1.366
1.364

K 2007-2009
USA
United Kingdom
Germany
Canada
Netherlands
Switzerland
France
Sweden
Italy
Denmark

K 2007-2009
0.0299
0.0205
0.0170
0.0108
0.0100
0.0099
0.0086
0.0049
0.0040
0.0035

Rank
1
2
3
4
5
6
7
8
9
10

P 2000-2002
USA
United Kingdom
Japan
Germany
France
Canada
Italy
China
Spain
Australia

P 2000-2002
1042779
258447
222299
194759
132401
111299
97039
95736
68825
68182

C 2000-2002
USA
United Kingdom
Germany
Japan
France
Canada
Italy
Netherlands
Australia
Spain

C 2000-2002
1389778
277907
236317
233676
149633
115394
101893
73377
65409
63406

C/P 2000-2002
Switzerland
Netherlands
Denmark
USA
Sweden
Finland
Germany
Belgium
Austria
France

C/P 2000-2002
1.653
1.351
1.345
1.333
1.298
1.219
1.213
1.152
1.137
1.130

K 2000-2002
USA
Germany
United Kingdom
Switzerland
Netherlands
France
Canada
Sweden
Denmark
Belgium

K 2000-2002
0.0375
0.0177
0.0144
0.0125
0.0099
0.0095
0.0077
0.0063
0.0035
0.0024

Table 6.1: Top 10 country ranking, based on the number of papers P, the number of
citations C, the number of citations per paper C/P, and the scientific fitness K.

105

Table S2: Top 50 city ranking, based on the number of papers P, the number of

Chapter 6. Global Multi-Level Analysis of the ‘Scientific Food Web’

citations C, the number of citations per paper C/P, and the scientific fitness K.
Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

P 2007-2009
London, UK
Beijing, China
New York City, NY, USA
Seoul, South Korea
Tokyo, Japan
Boston, MA, USA
Chicago, IL, USA
Paris, France
Shanghai, China
Moscow, Russia
Madrid, Spain
Philadelphia, PA, USA
Toronto, Canada
Washington, D.C., USA
Los Angles, CA, USA
Baltimore, MD, USA
Houston, TX, USA
Taipei, Taiwan
Berlin, Germany
Rome, Italy
Barcelona, Spain
Montreal, Canada
Seattle, WA, USA
Atlanta, GA, USA
Singapore
Sao Paulo, Brazil
Tehran, Iran
Pittsburgh, PA, USA
Cambridge, MA, USA
Milan, Italy
Ann Arbor, MI, USA
Nanjing, China
San Francisco, CA, USA
Munich, Germany
Cambridge, UK
Sidney, Australia
Amsterdam, The Netherlands
Ankara, Turkey
Oxford, UK
Wuhan, China
Bethesda, MD, USA
Vienna, Austria
Zurich, Switzerland
Kyoto, Japan
San Diego, CA, USA
Hangzhou, China
Athens, Greece
Stockholm, Sweden
Vancouver, Canada
St. Louis, MO, USA

P 2007-2009
62624
59449
45992
44934
44058
41988
39732
34581
33179
30132
26958
26259
25710
25554
25317
23831
23624
22165
22145
21084
20972
20948
19960
19668
19182
19021
18896
18065
17944
17628
17590
17549
17339
17165
16804
16282
16237
16224
15956
15246
15225
15162
14618
14374
14064
13942
13743
13552
13334
13219

Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

P 2000-2002
London, UK
New York City, NY, USA
Tokyo, Japan
Boston, MA, USA
Moscow, Russia
Paris, France
Chicago, IL, USA
Beijing, China
Los Angeles, CA, USA
Philadelphia, PA, USA
Baltimore, MD, USA
Seoul, South Korea
Washington, D.C., USA
Houston, TX, USA
Toronto, Canada
Berlin, Germany
Madrid, Spain
Seattle, WA, USA
Cambridge, MA, USA
Cambridge, UK
Bethesda, MD, USA
Montreal, Canada
Atlanta, GA, USA
Oxford, UK
Rome, Italy
Ann Arbor, MI, USA
Pittsburgh, PA, USA
Taipei, Taiwan
Kyoto, Japan
Tsukuba, Japan
Vienna, Austria
Barcelona, Spain
Munich, Germany
Cleveland, OH, USA
Milan, Italy
St. Louis, MO, USA
San Diego, CA, USA
Berkeley, CA, USA
San Francisco, CA, USA
Singapore
Amsterdam, The Netherlands
Madison, WI, USA
Stockholm, Sweden
Shanghai, China
Stanford, CA, USA
Minneapolis, MN, USA
Zurich, Switzerland
Sidney, Australia
New Haven, CT, USA
Sao Paulo, Brazil

P 2000-2002
55119
38575
37642
32677
28262
28248
24125
23024
22714
22120
19684
19485
19353
18754
17750
17395
17248
15927
15129
15054
14827
14742
14409
14048
13931
13755
13421
12345
12018
11925
11684
11643
11553
11503
11402
11395
11328
11327
11309
11307
11232
10640
10613
10034
9893
9815
9662
9471
9405
9236

C 2007-2009
Boston, MA, USA
London, UK
New York City, USA
Beijing, China
Tokyo, Japan
Cambridge, MA, USA
Baltimore, MD, USA
Paris, France
Bethesda, MD, USA
Seoul, South Korea
Los Angeles, CA, USA
Philadelphia, PA, USA
Houston, TX, USA
Shanghai, China
Cambridge, UK
Toronto, Canada
Seattle, WA, USA
La Jolla, CA, USA
Chicago, IL, USA
Ann Arbor, MI, USA
Madrid, Spain
San Francisco, CA, USA
Stanford, CA, USA
Berkeley, CA, USA
Montreal, Canada
Oxford, UK
Berlin, Germany
Zurich, Switzerland
Pittsburgh, PA, USA
Amsterdam, The Netherlands
Singapore, Singagpore
Barcelona, Spain
Rome, Italy
Milan, Italy
St. Louis, MO, USA
New Haven, CO, USA
Kyoto, Japan
Durham, NC, USA
Chinese Taipei, Taiwan
Maddison, WI, USA
Munich, Germany
Stockholm, Sweden
Vancouver, Canada
Sydney, Australia
Vienna, Austria
Cleveland, OH, USA
Heidelberg, Germany
Rochester, MN, USA
Washington, DC, USA

C 2007-2009
100205
90641
79585
69537
55884
53558
47244
46567
46069
44518
43810
43673
43249
40797
40596
39311
39104
38562
37999
37805
35103
32626
32269
31863
30718
30612
30168
29976
28700
28270
27480
27365
27130
25806
24786
24466
24299
24105
23904
23547
23165
23043
22133
20877
20317
20015
19724
19468
19051
18999

C/P 2007-2009
Martinsried, Germany
Muelheim, Germany
Charlestown, MA, USA
La Jolla, CA, USA
Versailles, France
Pasadena, CA, USA
Bethesda, MD, USA
Cambridge, MA, USA
Greenbelt, MD
Garching, Germany
Sutton, England
Villejuif, France
Yorktown Heights, NY, USA
Frederick, MD, USA
Rehovot, Israel
Kawachi, Japan
Stanford, CA, USA
Harlow, UK
Rahway, NJ, USA
Upton, NY, USA
Berkeley, CA, USA
Tarragona, Spain
Cambridge, UK
Abbott Park, IL, USA
Boston, MA, USA
Evanston, IL, USA
Illkrich, France
Santa Barbara, CA, USA
Princeton, NJ, USA
Oak Ridge, TN, USA
Golden, CO, USA
Boulder, CO, USA
New Haven, CO, USA
Santa Cruz, CA, USA
Palo Alto, CA, USA
Gif Sur Yvette, France
Dallas, TX, USA
Duarte, CA, USA
Potsdam, Germany
Rockville, MD, USA
Gottingen, Germany
Neuburg, Germany
Argonne, IL, USA
Dundee, Scotland
Richland, WA, USA
Reykjavik, ICELAND
Heidelberg, Germany
West Point, PA, USA
Roskilde, Denmark
Durham, NC, USA

C/P 2007-2009
5.234
5.207
4.396
3.240
3.206
3.095
3.026
2.985
2.886
2.814
2.758
2.739
2.733
2.698
2.686
2.654
2.637
2.612
2.510
2.504
2.486
2.467
2.416
2.390
2.387
2.289
2.266
2.256
2.240
2.237
2.227
2.226
2.206
2.198
2.197
2.180
2.175
2.173
2.148
2.132
2.127
2.120
2.105
2.104
2.090
2.065
2.062
2.050
2.050
2.047

K 2007-2009
Boston, MA, USA
Cambridge, MA, USA
New York City, NY, USA
Bethesda, MD, USA
La Jolla, CA, USA
Cambridge, UK
Baltimore, MD, USA
Stanford, CA, USA
London, UK
Berkeley, CA, USA
Atlanta, GA, USA
Seattle, WA, USA
Houston, TX, USA
Los Angeles, CA, USA
Ann Arbor, MI, USA
Philadelphia, PA, USA
San Francisco, CA, USA
New Haven, CO, USA
Oxford, UK
Durham, NC, USA
Toronto, Canada
Pasadena, CA, USA
Zurich, Switzerland
St. Louis, MO, USA
Dallas, TX, USA
Maddison, WI, USA
Heidelberg, Germany
Princeton, NJ, USA
Chapel Hill, NC, USA
Amsterdam, The Netherlands
Pittsburgh, PA, USA
Rochester, MN, USA
Utrecht, The Netherlands
Evanston, IL, USA
Boulder, CO, USA
Kyoto, Japan
Stockholm, Sweden
Geneve, Switzerland
Cleveland, OH, USA
Minneapolis, MN, USA
Santa Barbara, CA, USA
Montreal, Canada
Basel, Switzerland
Gottingen, Germany
Rotterdam, The Netherlands
Vancouver, Canada
Lausanne, Switzerland
Leiden, The Netherlands
Rehovot, Israel
Copenhagen, Danmark

K 2007-2009
0.0117
0.0074
0.0062
0.0061
0.0052
0.0043
0.0042
0.0041
0.0037
0.0037
0.0036
0.0035
0.0033
0.0032
0.0031
0.0029
0.0029
0.0026
0.0025
0.0023
0.0020
0.0020
0.0020
0.0019
0.0018
0.0017
0.0017
0.0016
0.0016
0.0016
0.0015
0.0013
0.0013
0.0013
0.0012
0.0012
0.0012
0.0011
0.0011
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0009
0.0009
0.0009
0.0009

C 2000-2002
Boston, MA, USA
London, UK
New York City, NY, USA
Tokyo, Japan
Bethesda, MD, USA
Baltimore, MD, USA
San Diego, CA, USA
Cambridge, MA, USA
Paris, France
Philadelphia, PA, USA
Los Angeles, CA, USA
Seattle, WA, USA
Houston, TX, USA
Cambridge, UK
Chicago, IL, USA
San Francisco, CA, USA
Toronto, Canada
Stanford, CA, USA
Berkeley, CA, USA
Oxford, UK
Berlin, Germany
Ann Arbor, MI, USA
St. Louis, MO, USA
New Haven, CT, USA
Atlanta, GA, USA
Madrid, Spain
Pittsburgh, PA, USA
Kyoto, Japan
Amsterdam, The Netherlands
Montreal, Canada
Zurich, Switzerland
Madison, WI, USA
Cleveland, OH, USA
Munich, Germany
Stockholm, Sweden
Milan, Italy
Washington, DC, USA
Tsukuba, Japan
Seoul, South Korea
Durham, NC, USA
Dallas, TX, USA
Vienna, Austria
Rome, Italy
Heidelberg, Germany
Minneapolis, MN, USA
Barcelona, Spain
Bejing, China
Rochester, MN, USA
Chapel Hill, NC, USA
Princeton, NJ, USA

C 2000-2002
74420
67093
60276
44847
42047
37426
36513
35686
34930
33544
32742
30007
29383
29370
26061
24659
24533
23520
21938
21718
21504
20560
20240
20196
20196
18292
18001
17564
17492
17331
16502
15659
15356
15290
15225
15215
14859
14572
14515
14405
14248
14056
13921
13913
12913
12850
12687
12658
12607
12244

C/P 2000-2002
S San Francisco, CA, USA
Martinsried, Germany
Charlestown, MA, USA
Illkrich, France
Muelheim, Germany
La Jolla, CA, USA
Murray Hill, NJ, USA
Frederick, MD, USA
Bethesda, MD, USA
Rockville, MD, USA
Harlow, UK
West Point, PA, USA
Pasadena, CA, USA
Yorktown Heights, NY, USA
Stanford, CA, USA
Cambridge, MA, USA
Villejuif, France
Rahway, NJ, USA
Basel, Switzerland
Boston, MA, US
Garching, Germany
Rehovot, Israel
Dallas, TX, USA
San Francisco, CA, USA
Kashiwa, Japan
New Haven, CO, USA
Palo Alto, CA, USA
Chapel Hill, NC, USA
Greenbelt, MD, USA
Okazaki, Japan
Duarte, CA, USA
Upton, NY, USA
Heidelberg, Germany
Princeton, NJ, USA
Cambridge, UK
Huddinge, Sweden
Berkeley, CA, USA
Baltimore, MD, USA
Farmington, CT, USA
Seattle, WA, USA
Piscataway, NJ, USA
Geneve, Switzerland
Wilrijk, Belgium
Gif Sur Yvette, France
Versailles, France
King of Prussia, PA, USA
Dundee, Scotland
Sutton, UK
Valhalla, NY, USA
St. Louis, MO, USA

C/P 2000-2002
4.838
4.576
4.286
3.565
3.357
3.223
2.973
2.931
2.836
2.805
2.682
2.677
2.553
2.404
2.377
2.359
2.322
2.301
2.278
2.277
2.276
2.231
2.230
2.180
2.178
2.147
2.110
2.105
2.097
2.057
2.032
2.006
1.981
1.970
1.951
1.946
1.937
1.901
1.886
1.884
1.864
1.848
1.843
1.842
1.838
1.827
1.793
1.784
1.782
1.776

K 2000-2002
Boston, MA, USA
Bethesda, MD, USA
La Jolla, CA, USA
New York City, NY, USA
Cambridge, MA, USA
Baltimore, MD, USA
Stanford, CA, USA
Cambridge, UK
San Francisco, CA, USA
Seattle, WA, USA
Philadelphia, PA, USA
Berkeley, CA, USA
Evanston, IL, USA
London, UK
Houston, TX, USA
Los Angeles, CA, USA
St. Louis, MO, USA
Oxford, UK
Dallas, TX, USA
Toronto, Canada
Pasadena, CA, USA
Ann Arbor, MI, USA
Atlanta, GA, USA
Princeton, NJ, USA
Rockville, MD, USA
Heidelberg, Germany
Durham, NC, USA
Zurich, Switzerland
Geneve, Switzerland
Maddison, WI, USA
Amsterdam, The Netherlands
Basel, Switzerland
Chapel Hill, NC, USA
Paris, France
Rochester, MN, USA
Nashville, TN, USA
Pittsburgh, PA, USA
Cleveland, OH, USA
Kyoto, Japan
Stockholm, Sweden
Garching, Germany
Minneapolis, MN, USA
Charlestown, MA, USA
Ithaca, NY, USA
San Diego, CA, USA
Osaka, Japan
Murray Hill, NJ, USA
Denver, CO, USA
Rehovot, Israel
Munich, Germany

K 2000-2002
0.0143
0.0092
0.0082
0.0078
0.0077
0.0060
0.0050
0.0048
0.0048
0.0046
0.0040
0.0040
0.0039
0.0038
0.0034
0.0034
0.0028
0.0027
0.0026
0.0025
0.0024
0.0024
0.0022
0.0022
0.0021
0.0021
0.0019
0.0018
0.0018
0.0017
0.0016
0.0016
0.0016
0.0015
0.0015
0.0014
0.0014
0.0014
0.0013
0.0013
0.0012
0.0012
0.0012
0.0011
0.0011
0.0011
0.0011
0.0011
0.0011
0.0011

Atlanta, GA, USA

Table 6.2: Top 50 city ranking, based on the number of papers P, the number of
citations C, the number of citations per paper C/P, and the scientific fitness K.
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7 Bankruptcy Cascades in Interbank
Markets
7.1 Abstract
We study a credit network and, in particular, an interbank system with an agent-based
model. To understand the relationship between business cycles and cascades of
bankruptcies, we model a three-sector economy with goods, credit and interbank
market. In the interbank market, the participating banks share the risk of bad debits,
which may potentially spread a bank’s liquidity problems through the network of
banks. Our agent-based model sheds light on the correlation between bankruptcy
cascades and the endogenous economic cycle of booms and recessions. It also demonstrates the serious trade-off between, on the one hand, reducing risks of individual
banks by sharing them and, on the other hand, creating systemic risks through creditrelated interlinkages of banks. As a result of our study, the dynamics underlying the
meltdown of financial markets in 2008 becomes much better understandable.

7.2 Introduction
As economic literature has taught us in more than one occasion, there are many
economic examples of situations in which mainstream theory, i.e., the Arrow-Debreu
general equilibrium model, does not explain interactions between economic agents
well. In particular, we believe that if we want to understand the dynamics of interactive
market processes, and the emergent properties of the evolving market structures, it
might pay to analyze explicitly how agents interact with each other, how information
spreads through the market and how adjustments in disequilibrium take place.
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To model how the agents’ decisions are influenced by their mutual interactions and
the repercussions that these may have on the economic system, we use a "communication structure" based on network theory, in which nodes can represent agents and
edges connective links measuring the intensity of interaction between agents.
The recent vicissitudes of the credit market are a natural research issue to be analyzed
with graph theory. If the banks were "isolated units", the bankruptcy of a borrower
would be almost unimportant in the credit system. However, given the strong interdependence in the interbank market, the default of one bank can bring about
phenomena of financial contagion.

In the last thirty years, in most advanced and developing economies, the financial
sector has assumed an increasing relevance with respect to the production sector;
furthermore, the role of the banking system has gradually shifted from the loan based
financing of non-financial corporations to more market-based activities and speculative operations. This deep transformation, usually named as financialization of the
economy, has not only increased the interdependence among financial institutions,
but also determined an increase of ”easy credit”. This has created asset bubbles and
debt-induced economic booms, with the consequent rising of corporate debt-equity
ratios and bank leverage that have made the economy increasingly fragile and potentially unstable. Following the severe financial and economic crisis that started in
2007 in US, the phenomenon of growing financialization is increasingly under critical
discussion as some of the major causes of the crisis. Although different important
interpretations of the current crisis have been proposed (Delli Gatti et al., 2012), the
effect of the increasing globalization and financialisation of the economic system is,
certainly, one of the key elements to understand the current crisis.

Three types of propagation of systematic failure have been studied in the literature.
First, the bank runs, known as self-fulfilling panic (Calomiris and Kahn, 1996; Cowen
and Kroszner, 1989; Diamond and Dybvig, 1983; Donaldson, 1992; Jacklin and Bhattacharya, 1988). Second, the asset price contagion (Allen and Gale, 2000; Edison et al.,
2000). Third, the inter-locking exposures among financial institutions (Allen and Gale,
2000; Battiston et al., 2009, 2007; Iori et al., 2006; Lorenz and Battiston, 2008; Thurner
et al., 2003).
Following this last line of research, in this paper we are explicitly concerned with
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the potential of the interbank market to act as a contagion mechanism for liquidity
crises and to determine macroeconomics outcomes such as bankruptcies. Allen and
Gale (2000), Thurner et al. (2003) and Iori et al. (2006) have shown that, modeling
the credit system as a random graph, when increasing the degree of connectivity of
the network, the probability of bankruptcy avalanches decreases. However, when
the credit network is completely connected, these authors have proven that the probability of bankruptcy cascades goes to zero. The explanation for this result is that,
in credit networks, two opposite effects interact. On the one hand, increasing the
network connectivity decreases the banks’ risk, thanks to risk sharing. On the other
hand, increasing the connectivity rises the systemic risk, due to the higher numbers
of connected agents which, in case of default, may be compromised. According to
the three cited models, the impact of the risk sharing plays a leading role. So, in
these models there is a benefit in creating links between agents, because they allow to
diversify risk.
An exception to this view is the recent contribution by Lorenz and Battiston (2008),
where the authors show that the introduction of a trend reinforcement in the stochastic process, describing the fragility of the nodes, generates a trade-off. Rising the
connectivity, the network is less exposed to systemic risk, in the beginning, thanks to
risk sharing. However, when the connectivity becomes too high, the systematic risk
eventually increases.
A forerunner of this trade-off between risk sharing and systemic risk was already
present by Iori et al. (2006), where the authors showed that, in the presence of heterogeneity, a non-monotonic relationship between connectivity and systemic risk exists.
In the present paper, we deal with the correlation between risk sharing and connectivity in the interbank system. In view of the recent economic crisis, in fact, the linear
relationship between connectivity and systemic risk should be reassessed. Spreading
the risk around the globe may indeed improve stability in good times thanks to risk
sharing. However, in times of crisis, we believe that the effect of critical perturbations
can spread across the whole system. Therefore, the credit market as a network with
interdependent units, is exposed to the risk of joint failures of a significant fraction of
the system, which may create a domino effect such as bankruptcy cascades.
A recent model that is related to ours is that of Battiston et al. (2012a). The authors
show that, in the presence of financial acceleration - i.e., when variations in the level
of financial robustness of institutions tend to persist in time or to get amplified - the
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probability of default does not decrease monotonically with connectivity. Along this
line, several authors have started to analyze the correlation between connectivity and
probability of bankruptcy in credit networks. Many theoretical studies have found a
non-monotonic relationship between these two variables. In particular, many recent
models (Battiston et al., 2012a; Gai and Kapadia, 2010a) have shown that the diversification of credit risk across many agents has ambiguous effects on systemic risk.
The problems arising from financial market interconnectedness have also been highlighted by empirical studies which have emphasized structural properties of lending
networks before and after the current financial crisis (Chinazzi et al., 2012; Cocco
et al., 2009; Hale, 2012; Minoiu and Reyes, 2011; Schiavo et al., 2010) and defined new
analytical tools able to better identify and monitor systemic risk and crisis transmission(Bartram et al., 2007; Kaushik and Battiston, 2012; Sornette and von der Becke,
2011).
Our model represents a simple three-sector economic system (considering goods,
credit and an interbank market), involving firms and banks. Two types of credit are
considered: loan and interbank credit. According to the economic situation, companies may ask for money from financial institutions to increase their output. In
this case, firms enter the credit market and consult with a fixed number of randomly
chosen banks. Banks consider the investment risk and finally decide whether to offer
the requested loan and define interest rates. After this first consultation meeting, each
firm asks the banks it links with for credit, starting with the one with the lowest interest
rate. If this bank faces liquidity shortage when trying to cover the firms’ requirements,
it may borrow from a surplus bank.
In the interbank market, we assume a random connectivity among banks. If one or
more firms are not able to pay back their debts to the bank, the bank’s balance sheet
decreases. To improve its own situation, the bank rises the interest rate offered to other
firms, eventually causing other defaults among firms. The bad debt of companies,
affecting the equity of financial institutions, can lead to bank failures as well. Since
banks, in case of shortage of liquidity, may enter the interbank market, the failure of
borrower banks could lead to failures of lender banks. The interest rate, thus, can bring
about a cascade of bankruptcies among banks. The source of the domino effect may,
on one side, be due to indirect interactions between bankrupt firms and their lending
banks through the credit market and, on the other side, due to direct interactions
between lender and borrower banks through the interbank system.
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The originality of this work compared to Battiston et al. (2012a) is the introduction of
three interacting markets influencing each other. In this way, we can study the impact
of systemic risk not only on the agents’ dynamics such as their financial fragility, but
also on the business cycle and economic growth.In this regard, we study the effect of
an exogenous shock on a specific firm by increasing the connectivity in the interbank
system, and we observe that the systemic risk prevails over the advantages of risk sharing. Although the demand of loans and the number of granted loans stay almost the
same by changing the connectivity in the inter-bank system, surprisingly, with higher
connectivity we observe larger cascades of bankruptcies among banks. As shown in
Iori et al. (2006), we find that the root of avalanches lies in the agents’ heterogeneity. In
particular, our results show that the degree of contagion depends on the size of losses
imposed by failing debtor banks on creditor banks in the system (Angelini et al., 1996;
Furfine, 2003; Humphrey, 1986; Upper and Worms, 2002). Moreover, in line with other
works (Brunnermeier, 2009; Morris and Shin, 2008), we show that financial crises are
characterized by the procyclicality of leverage across financial institutions.
Furthermore, we also find that the holding of large liquid reserves, while generally stabilizing in the interbank market, reduces the growth of aggregate output by decreasing
granted loans and therefore firm investments.
The remainder of the paper is organized as follows. First, we describe the model
with the behavior of firms and banks. Then, we discuss the results of computer simulations for the baseline model and for the model with the interbank system. Finally,
the last section presents conclusions.

7.3 Structure of the model
Our model represents a three-sector economy: goods, credit and the interbank market.
We consider a sequential economy populated by a large number of firms f = 1, .., F t
and banks b = 1, .., B t , which undertake decisions at discrete time, denoted by t=0,1,2,...,T.
In the goods market, output is demand-driven, that is firms, given their production
constraints, sell as much output as the market can absorb. However, incomplete information about the market potential can generate a gap between the firms’ expected
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and realized demand. In this disequilibrium scenario, supply does not (necessarily)
match aggregate demand, so the goods market may be out of equilibrium. In this way,
the model is able to generate an unexpected shock to the revenues of firms, so that
their profit may become negative.
To meet their expected demand, companies make investments using the credit market.
Therefore, in each time period, a subset of firms enter in the credit market asking
for credit. The amount of credit requested by firms is related to their investment
expenditure, which is therefore dependent on their expected demand, interest rate
and firm’s economic situation.
The primary function of banks activity is to lend their funds through loans to firms,
as this is their way to make money via interest rates. Banks consulted by companies,
after analyzing their credit risk, may grant the requested loan, when they have enough
supply of liquidity. However, since banks adopt a system of risk management based
upon an equity ratio, companies may not receive requested loans even if banks have
enough supply of liquidity. If consulted banks do not have liquidity to lend, they
can enter the interbank market, in order not to lose the opportunity of earning on
investing firms. The interbank market has the same structure as the credit market.

7.3.1 Firms
In each time period t , we have a large finite population of competitive firms indexed
by f = 1, ..., F t . The overall population F t of firms is time dependent because of endogenous entry and exit processes to be described below. Firms are profit seekers.
Therefore, at any time period t , they try to maximize their expected profits, by forecasting the market demand.
Following some of the key elements of behavioral agent-based models, closely related
to Keynes’ view that ’expectations matter’, to Simon’s view that economic man is
boundedly rational and to the view of Kahneman and Tversky that individual behavior
under uncertainty can best be described by simple heuristics and biases (Kahneman,
2003; Kahneman and Tversky, 1973; Simon, 1957, 1979; Tversky and Kahneman, 1974),
we model a gap between a firm’s actual demand D f ,t and its expected demand E (D f ,t ).
Demand D f ,t is defined as
D f ,t = D f ,t −1 (1 + g 0 + ² f ,t ),
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where g 0 is a constant, ² f ,t ∼ N (0, σ) is a normally distributed variable and the expected demand is E (D f ,t ) = D f ,t −1 (1 + g 0 ).
To produce a homogeneous output Y f ,t , the firm f uses its capital K f ,t as the only
input. The firm’s production function is
Y f ,t = φK f ,t ,

(7.2)

where the capital productivity φ is assumed to be constant and uniform across firms
for simplicity. However, given the incomplete information about the demand, firm f
decides to produce as much as it expects the market to be able to absorb. In this light,
the production function mirrors the maximum output that firm f can produce at any
time t . This amount, however, can shrink due to a lack of the expected demand.
To clarify, assume that K f ,t = 1000 and φ = 0.1. This means that the firm can produce
up to 100 goods. If its expected demand E (D f ,t ) = 10, it will just produce 10, as it is
the maximum amount that the company forecasts to be able to sell. However, if its
expected demand is E (D f ,t ) = 200, the firm will produce 100, as it cannot produce
more with its capital. In the latter case, the firm will ask for a loan from the credit
market to increase its productivity and satisfy expected demand in the future.
The only external source of finance that firms have is the loan from banks (Delli Gatti
et al., 2005; Greenwald et al., 1984). The firm’s demand of loan to reach the expected
demand is
L f ,t = max{

E (D f ,t )
φ

− Y f ,t , 0}.

(7.3)

Eq. (7.3) reproduces an empirical evidence: lending often increases significantly
during business cycle expansions, and then falls considerably during subsequent
downturns (Berger and Udell, 2004; Furth, 2001). Consistent with this stylized fact,
Federal Reserve Chairman Alan Greenspan (Chicago Bank Structure Conference, May
10, 2001) noted that at the bottom of the cycle, “the problem is not making bad loans
[...] it is not making any loans, whether good or bad, to credit-worthy customers",
consistent with the sometimes dramatic fall in lending during cyclical downturns
(Borio and Lowe, 2002; Borio et al., 2001; Horvath, 2002). Eq. (7.3) therefore should be
interpreted as a new micro-foundation, and its relevance and reliability is grounded
by empirical evidence. Nevertheless, since borrowing is risky, the company considers
its probability of bankruptcy and its risk aversion (see, for instance (Greenwald and
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Stiglitz, 1990, 1993)). To incorporate these elements into the model, we assume that
the firm adjusts its demand of loan according to:
L df ,t = α(1 −

L̄ f ,t
E (π f ,t +1 )

)L f ,t ,

(7.4)

where α is a constant which mirrors the risk aversion coefficient and may be higher,
lower, or equal to one, reflecting risk lover, adverse, and neutral respectively and
L̄ f ,t

(1 − E (π

f ,t +1 )

) reflects the firm’s financial fragility based upon its debt commitments

L̄ f ,t and expected profit E (π f ,t +1 ) ratio. If firm f expects its next profit not to be
enough to pay back its installments, it will ask for less loan.
At each time t , the debt commitments L̄ f ,t (interest & installment) for the firm f are
f ,b
1 Pτ
(1 + i t )L df ,t , where i f ,b is the real interest rate that firm f pays to bank b. We
τ t
assume that a loan given at time t to the firm f has to be payed back by the next τ
periods.
For simplicity, we furthermore assume that each firm has total variable costs equal to
financing costs. Therefore, profits in real term are
π f ,t = p min{D f ,t , Y f ,t } − L̄ f ,t ,

(7.5)

where the selling price of one good is set to 1. Assuming that all the profits are retained
(Delli Gatti et al., 2005), the firm’s capital stock changes are updated according to
K f ,t = K f ,t −1 + π f ,t + L df ,t .

(7.6)

7.3.2 Banks
Similar to companies, we have a time dependent finite population of competitive
banks indexed with b = 1, ..., B t .
When a firm needs loan, it contacts a number of randomly chosen banks. This means
that a firm knows the credit conditions of few banks in each time step. Each contacted
bank is assumed to offer an interest rate of
d

f ,b
it
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where i¯ is set by the Central Bank and S b,t is the supply of liquidity of bank b. So the
interest rate is decreasing as the bank’s financial robustness.
After exploring the lending conditions of the contacted banks, each firm asks the
consulted banks for credit starting with the one offering the lowest interest rate. Banks
deal with firms in a "first come, first served" basis. If a firm asks for a loan from a bank,
either it receives the complete amount of the requested loan or it receives no money
(where the bank may use the interbank market or not).
The regulation of financial intermediaries (Basel I and II) forces banks to hold a capital
caution of β% of liquidity to prevent bankruptcies due to unexpected losses. For the
sake of simplicity, we model this regulatory parameter assuming that banks give the
requested loan with a certain probability
d

f ,b
ct

= 1−β

¡ L f ,t ¢σ
S b,t

.

(7.8)

This means, for example, out of 10 different requested loans with c = 0.1, one loan will
be given. By increasing β, banks are forced to hold in reserve a larger percentage of
their liquidity. β has to be interpreted as the fraction of risk that a bank is allowed to
take within a given time step, as compared to its own liquidity. This threshold may
be viewed as a regulatory parameter, since it imposes an upper limit for a bank’s risk
dependent on its cash. It is a helpful tool to limit the bank’s risk, in particular the
credit risk. Moreover, according to Eq. (7.8), the volume of credit given by a bank is
proportional to its present liquidity. The smaller the bank the smaller its transactions.
If the bank regulatory parameter is satisfied and the bank has enough supply of
liquidity, then it grants the requested loan.
If the contacted bank has not enough supply of liquidity to fully satisfy the firm’s loan,
then the bank considers to use the interbank market. Our goal is to understand how
the interbank structure can influence the economic cycle and the bankruptcy among
banks. As in the credit market, the requiring bank asks the lacking fraction of the
loan requested by the firm from x randomly chosen banks. Among the contacted
banks, the banks satisfying the risk threshold in Eq. (7.8) and having enough supply of
liquidity offer the loan to the asking bank for an interbank interest rate, which equals
the credit market interest rate in Eq. (7.7). Among this subset of offering banks, the
bank b i (borrower) chooses the bank, starting with the one offering the lowest interest
rate. When it receives the requested loan, the bank lend it to the asking firm.
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Bank supply of liquidity S b,t , evolves according to:
S b,t = S b,t −1 −

X
f

L df ,t +

X
1
f ,b
L df ,t 0 (1 + i t 0 ) + I b,t ,
τ f ,t −τ≤t 0 <t

(7.9)

where the second term (right side) shows the total loan of bank b at time t , the third
term denotes the installment and the interest that the bank receives from the ’safe’
firms, to which it has given a loan not before τ time steps ago, and the last term, I b,t ,
reflects the lending by bank b from other banks at time t . Note that I b,t can be negative
or positive, depending on whether the bank is creditor or debtor. In case of interbank
borrowing, as for the firms, interests and installments must be paid back within the
next τ periods. When, for instance, we consider the borrower bank b i , I b,t is
I bi ,t = −

X
X
1
b i ,b j
L db j ,t 0 (1 + i t 0 ) + L db j ,t ,
τ b j ,t −τ≤t 0 <t
bj

(7.10)

where L d is the credit that the bank b i obtain from b j . It is important to underline
that L db

j ,t

is immediately used by b i to lent firm f .

Like companies, banks are profit seekers. A bank’s profits in time t is:
πb,t =

0
X
1
f ,b X f
L df ,t 0 i t 0 − ωt L d 0 0 + P b,t .
f ,t
τ f ,t −τ≤t 0 <t
0

(7.11)

f

The bank’s profit depends on the interests payed by firms (first term), on the firms’
bad debt, with ω to be the share of loan that firms could not pay back because they
went bankrupt (second term) and on the interbank credit (third term). Note that P b,t
is positive if the bank lends in the interbank system, otherwise zero. Considering the
lending bank b j , P b j ,t is
P b j ,t

X
X b0 d
1
b i ,b j
d
=
L 0 i 0 − ωt i L 0 .
b i ,t
τ bi ,t −τ≤t 0 <t bi ,t t
0

(7.12)

bi

As in Eq (7.11), the first term mirrors interests payed by debtor banks and the second
term is the banks’ bad debt (losses).
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7.3.3 Bankruptcy conditions and demography of firms and banks
Because of the uncertain environment, agents may go bankrupt. In this model,
bankruptcy happens to firms or banks when they do not have enough ’cash’ (revenues) to pay their loans back. In this sense, we are much closer to the idea of liquidity
crisis than to the financial fragility conditions of Greenwald and Stiglitz framework.
When agents go bankrupt, they leave the market. We also assume that an agents leave
the market if it fails to receive requested loans for s consecutive time steps.
Regarding entries, we follow the approach of Delli Gatti et al. (2005). The economic literature has suggested models ranging from exogenously stochastic processes (Delli Gatti
et al., 2007), where authors assume a simple mechanism of entrance based on a oneto-one replacement, to models with an endogenous entry process, which depends on
expected profit opportunities (Dixit, 1989), (Hopenhayn, 1992). These last theories
argue that the entrance of new firms in an industry will be influenced by the amount
of sunk costs in the sector. A greater degree of sunk costs should reduce the likelihood
of entry (Audretsch, 1991, 1995).
Our modeling strategy aims at reproducing this evidence. The number of new enent r y

trants (N t

) is obtained by multiplying a constant N̄ > 1 with a probability, which

depends negatively in the case of firms and positively in the case of banks on the
average lending interest rate:
ent r y

Nt

= N̄ P r (ent r y) =

N̄
1 + exp[d (i¯t −1 − e)]

.

(7.13)

where d and e are constants. The higher is the interest rate, the higher are firms debt
commitments, and the lower (higher for banks’ side) are expected profits, with entries
being lower (higher for banks’ side) in number.
Moreover, in line with the empirical literature on firm entry (Bartelsman et al., 2005;
Caves, 1998), we assume that entrants are on average smaller than incumbents, with
the stock of capital of new firms and the supply of liquidity of new banks being a
fraction of the average stocks of the incumbents. So, entrants’ size in terms of their
capital stock is drawn from a uniform distribution centered around the mode of the
size distribution of incumbent firms/banks.
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Simulation results
We explore the dynamic properties of the economic system modelled above by means
of computer simulations. We consider an economy initially consisting of F 0 = 1000
firms and B 0 = 50 banks and study it over a time span of T = 2000 periods. Each firm
is initially given the same amount of capital K f ,0 = 150 and demand D f ,0 = 15. We fix
φ = 0.1, g 0 = 0.09, α = 1, τ = 12. Firm entrance parameters are N̄ = 10, e = 0.02, and
d = 20.
Each bank is initially given the same amount of liquidity S b,0 = 500000. We fix the
Central Bank interest rate i¯ = 0.02, γ = 0.1, a = 1, σ = 0.1, and β = 0.1. Despite the
homogeneous initial conditions, the economy develops heterogeneous distributions
through the interaction of noise and feedback effects.
In order to get rid of transients we evaluate only the last 1600 simulated periods.
Simulations are repeated 100 times with different random seeds.

7.3.4 Stylized facts of the benchmark model
Let we start from a sort of "benchmark" setup, for which the model jointly accounts
for an ensemble of stylized facts regarding both "micro/meso" aggregates such as
indicators of industrial structures (e.g. firm size distributions and firm growth rates)
together with macro statistical properties (including rates of output growth and output
volatility).
First of all, the model robustly generates endogenous self-sustained growth patterns
characterized by the presence of persistent fluctuations, as shown in Figure 7.1 (left
side).
Indeed, aggregate fluctuations, measured by output growth rates (right side of Figure 7.1), are path dependent (i.e., nominal shocks have real and permanent effects).
Moreover, they are characterized by cluster volatility, a well-known property in the
financial literature (Cont, 2007). This implies that large changes in variable values tend
to cluster together, resulting in a persistence in the amplitudes of these changes. A
quantitative manifestation of this fact is that, absolute growth rates display a positive,
significant and slowly decaying autocorrelation function. In our case, the autocorrelation parameter is equal to 0.95, a value very close to that found for the quarterly
empirical data for the G7 countries, which is 0.93 (Stanca and Gallegati, 1999).
In addition to fluctuations resembling business cycles, the simulated time path of
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Figure 7.1: Evolution of the aggregate output (left side) and growth rates of the aggregate output (right side), as a function of time.

aggregate activity is characterized by a broken-trend behavior. The model is able to
generate an alternation of aggregate booms and recessions as a non-linear combination of idiosyncratic shocks affecting individual decision-making processes. The
account of business cycles offered by the agent based model thus contrasts sharply
with DSGE theory, according to which fluctuations in aggregate activity are explained
by random variations in aggregate TFP growth. In our simulations, depressions are
due to the failure of big firms. Indeed, since we do not impose any aggregate equilibrium relationship between the firms actual demand and their expected demand,
our simulated market generates individual out-of-equilibrium dynamics. Due to
the absence of any exogenously imposed market-clearing mechanism, the economy
is allowed to self-organize towards a spontaneous order with persistent excess demands, which have important consequences on the dynamic of firms. In fact, the
gap between the expected and actual demand may generate an unexpected shock to
firms’ profits, able to trigger bankruptcies of firms. If one or more companies are not
able to pay back their debts to banks, then also banks suffer with a decrease in their
equity level. Consequently, in order to improve their own situation, banks rise the
interest rate to all the firms in their portfolio, eventually causing other defaults among
companies. Figure 7.2 (left side) displays the time series of firm defaults, which are
roughly constant during the simulation even when the system experiences severe
breakdowns. This feature of the model underlines the important role of heterogeneity.
In fact, in Figure 7.2 (right side), we show that crises do not depend on the quantity
of bankrupted agents, but on their ’quality’. The same economic process can thus
119

Chapter 7. Bankruptcy Cascades in Interbank Markets

number of firm bankruptcies

10
9
8
7
6
5
4
3
2
1
0
400 600 800 1000 1200 1400 1600 1800 2000

time

Figure 7.2: Time evolution of firm bankruptcies (left side) and decumulative distribution function of failed firms’ size (right side).

produce small or large recessions depending to the size of failed companies.
In addition, it is important to note that the model provides an useful tool to predict crises. In line with Minsky’s Financial Instability Hypothesis (1992), we show that
over periods of prolonged prosperity and optimism about future prospects, financial
institutions grant more loans without considering borrowers financial fragility. A
natural way to assess the co-movement between the increase (decrease) in aggregate
output and increase (decrease) in the number of granted loans is to study their correlation. The Pearson correlation coefficient significant at 1% level between positive
aggregate output changes and the number of granted loan reaches a value above 0.63,
confirming higher credit levels in prosperous periods. However, it can happen that
banks underestimate their credit risk, making the economic system more vulnerable
when default materializes. In this case, we observe a negative correlation of 0.71
between aggregate production in time t and the leverage of firms in the previous time
step.
Figure 7.3 shows time series of granted loan (left side) and the inverse of firms leverage. The balance sheet identity implies that firms can finance their capital stock by
recurring either to net worth (A f ,t ) or to bank loans (L df ,t ), K f ,t = A f ,t + L df ,t . From
Eq (7.6) we can easily calculate firm equity A f ,t = K f ,t − L df ,t . So, the leverage is equal
to l f ,t =

L df ,t
A f ,t

. In the graph (7.3) (left side), we plot

P

f

l −1
. Comparing Figure 7.3 and
f ,t

Figure 7.1 (left), we observe that these three time series co-evolve. In particular, the
simulated aggregate output suffers a severe crisis in t = 1184, which is anticipated by
a rapid increase in the financial fragility in the previous time steps (in fact the inverse
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Figure 7.3: Time series of granted loan (left side) and the inverse of the firms’ leverage
(right side).

of leverage decreases rapidly, as shown in Figure 7.3 (left)). Our findings support
Minsky’s view. Expectations exceeding the actual demand are the main driving force
behind over-leveraging and investing in riskier projects. When firms expect to be
able to sell higher levels of output, they increase their loans. Banks, facing incomplete information about the true probability of good and bad outcomes, increase
their borrowing to expand their balance sheet. This results in much higher defaults
and financial instability once a bad state occurs (Bhattacharya et al., 2011; Kiyotaki
and Moore, 1997; Kyle A and W, 2001; Morris and Shin, 2004; Shleifer and Vishny, 1992).

Although companies in our model initially start with the same amount of capital and
cash, trading generates a fat tail distribution of agents’ size, in accordance with the
empirical evidence that, in real industrialized economies, market participants are very
heterogeneous in dimension (Axtell, 2001; Gabaix et al., 2006; Ijiri and Simon, 1977;
Pareto, 1897; Pushkin and Aref, 2004; Zipf, 1949). Small and medium size firms-here
we use firm production as proxy of firm size- dominate the economy. Large firms
are relatively rare, but they represent a large part of total supply. When the firms size
distribution is skewed, the mean firm size is larger than the median one, and both are
larger than the modal firm size. Clearly, in this case the very notion of a representative
firm is meaningless.
Figure 7.4 (left side) displays this evidence and the distribution is well fitted by a
power law distribution y = Ax β , with intercept 12.19 and slope −0.23. The result is
robust to the Kolmogorov-Smirnov test.
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Figure 7.4: Decumulative distribution function of firm sizes (left side) and bank sizes
(right side).
Our analysis on banks sizes (see Figure 7.4 (right)) reveals a similar skewed distribution.
In this case, the Kolmogorov-Smirnov test is consistent with the null hypothesis of a
lognormal distribution of bank sizes (Ennis, 2001; Janicki and Prescott, 2006).

7.3.5 Default cascades in the interbank market
In this section we explore the impact of the interbank market, in which each bank
can be borrower and lender, at the same time, on the macroeconomic dynamics. In
particular, we investigate the effect of credit risk and systemic risk on the aggregate
fluctuations and on the dynamic of default cascades of banks.
Since the purpose of this exercise is to study the evolution of a self-contained system
with a given initial number of banks, we exclude the possibility that failing banks
would be replaced by new entrants.
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Figure 7.6: Time evolution of the number of surviving banks with β = 0.1 for different
interbank linkages: x = 1 (solid line), x = 2 (dotted line), x = 5 (dashed line), x = 10
(long dashed line), x = 49 (dot-dashed line) (left side). Average number of surviving
banks as a function of x (center). Average absolute slope of the curve representing the
number of surviving banks (right side) as a function of x.

rameter in Eq (7.8). Figure 7.5 shows how different reserve ratios affect the fraction of
surviving banks for the case of no interbank credit market (Higher β means higher
reserves) . As the reserve ratio β increases, the rate of bank failures clearly falls. This
result is in line with other publications regarding the role of reserves (Iori et al., 2006;
Thurner et al., 2003). Obviously, increasing reserves contribute to the stability of
individual banks, as shown by a lower value of average bank leverage (see center of
Figure 7.5). However, increasing reserves reduces the output growth rate, since many
firms do not get loans in the credit market (see right side of Figure 7.5).
We now analyze how different degrees of linkage in the interbank market affect the
bankruptcy of financial institutions.
The left panel of Figure 7.6 displays the number of surviving banks as function of
time, for various numbers x of financial institutions each bank randomly links with.
By increasing linkage, the systemic risk raises in the sense that in any period, more
banks fail. Indeed, with 100 percent linkage, the system collapses completely, analogously to a tragedy of the commons (Hardin, 1968). This result is further analyzed
by Figure 7.6 (center), which shows the average number of surviving banks, over all
times and all simulations as a function of the number of interbank linkages. While
the earlier empirical literature on the systemic risk, in line with Allen and Gale’s result
on the risk sharing role, found a very little evidence of global vulnerability (Bartram
et al., 2007; Boss et al., 2004; Furfine, 2003; Summer et al., 2002). Strong evidence has
been collected after the default of Lehman Brothers, showing that interbank linkages
strongly impact systemic risk (Battiston et al., 2012a; Castiglionesi and Navarro, 2007;
Wagner, 2010) through a high probability of domino effects. So, in line with these new
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Figure 7.7: Average bank’s leverage (left side). Average output growth rate (right side),
over time and as a function of x.

empirical and theoretical works, we find that the default of an agent may increase the
systemic risk by increasing the connectivity.
Moreover, increasing x, not only the number of bankruptcies increases, but the time
path of surviving banks also declines much more rapidly over time. This result is
shown in the right panel of Figure 7.6, where we plot the average absolute slope of
the number of surviving banks curve as a function of x. This graph provides a first
evidence of contagious failures, that is periods in which many banks collapse together.
In line with our hypothesis that a higher connectivity generates a higher systemic risk,
not offset by a lower credit risk, Figure 7.7 shows, on the left, that the banks’ financial
fragility increases with interbank linkages.

To understand if different linkages in the interbank market have some effect on the
real economy, Figure 7.7 displays on the right hand side the average output growth
rate as a function of x before bankruptcy cascades occur. One can immediately see
that increasing the interbank connectivity has no effect on system growth. Companies
have no benefits from a more strongly linked interbank market. In fact, it does not
facilitate the granting of loans to enterprises, but it merely transfers liquidity among
financial institutions.
We now turn to the issue of contagious failures. Banks are prone to default by bad
debits of both the firm-bank credit market and the interbank market. To ensure that
the higher number of bank bankruptcies in the case of a highly connected interbank
market is not only the result of bad debits in the firm-bank market, but also is the
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result of more bad debits in the interbank market, we run the following experiment:
we calculate the size of the largest connected component of the failed banks, which are
connected by bad debits, in 100 simulations for each value of linkage in the interbank
market (see Figure 7.8). As expected, a more inter-connected interbank market results

Number of occurances

in larger cascades of bankruptcies due the larger systemic risk.

x=1

x=5

x=10

x=49

Cascade size
Figure 7.8: Size of the largest bankruptcy cascades, which are connected by bad debits
for a bank market of size 50, determined from 100 simulations for interbank linkages
of 1, 5, 10, and 49. A highly connected interbank market results in large cascades of
bankruptcies.
As for firms, we can infer that bankruptcy cascades depend on the size of failed banks

-here we use bank liquidity S as proxy of bank size -. In fact, the distribution of failed
banks for different interbank linkages is skewed (see left panel in Figure 7.9). Moreover,
increasing the interbank connectivity creates fatter tails in the distribution of failed
banks, as evidenced by a higher kurtosis (see center of Figure 7.9). A more precise
measure of fat tails is provided by the Hill exponent. In the right panel of Figure 7.9,
we plot the Hill exponent as a function of x. Empirically the tail exponent is found to
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take values between 2 and 4. Changing the parameters of the model our simulations
generates values of the Hill exponent in the same range. When x = 1, that is for low
connectivity in the interbank market, the tail exponent is closer to the "normal" value
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of 4. However, increasing x, the model generates fatter tails.
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Figure 7.9: Decumulative distribution function of failed bank’s size S, for x = 1 (solid
line), x = 2 (dotted line), x = 5 (dashed line), x = 10 (long dashed line) and x = 49
(dot-dashed line) (left side). Kurtosis (center) and Hill exponents (right side) of failed
banks distribution as a function of x.

7.4 Conclusions
In this paper we have investigated systemic risk and the impact of sharing risk and in
an interbank market. We have studied the agents’ financial fragility and the macroeconomic performance. The focus has been on how the emergent heterogeneity of
market participants and the nature of their interconnectedness affect the trade off
between mutual insurance and the potential for contagion.
We have shown that a higher banks connectivity not only increases the agent’s financial fragility, but also generates larger bankruptcy cascades due the larger systemic
risk. Interestingly, high interbank linkages have no effect on economic output, even
during boost/boom. The interbank market, in fact, just has a marginal effect on firms’
investments and on the granted loans. In contrast, higher bank reserve requirements
stabilize the economic system, not only by decreasing financial fragility but also dampening avalanches. However, holding in reserve a larger percentage of banks’ equity
affects the aggregate output growth by reducing credit to companies.
Our simulation results also indicate that heterogeneity contribute to instability. Although this result is strictly related to the dynamic of our model, other theoretical
studies (Caccioli et al., 2012; Iori et al., 2006) have shown that the possible emergence
of contagion depends crucially on the degree of heterogeneity. Indeed, when the
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7.4. Conclusions
agents’ balance sheets are heterogeneous, banks are not uniformly exposed to their
counterparty. Therefore, if the contagion is triggered by the failure of a big bank, which
represents the highest source of exposure for its creditors, the situation is certainly
worse than when agents are homogeneous. One policy implication is that interbank
lending relationships should be restricted to banks that share similar liquidity characteristics. These results may be specific to our model, but they offer stimulating
insights into the nature of contagion.
The main limitation of this study is that our model is fully demand-driven, i.e. firms
can sell all the output that market exogenously can absorb at a fixed price. In a future
paper, we will extend this analysis by including endogenous prices, which will allow us
to investigate the demand side as well. Furthermore, we will introduce a more realistic
mechanism of interbank linkages, by modeling network structures in an evolutionary
way.
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A Considering the Price of Stopping
Vehicles
The previous considerations have only taken into account delays by vehicles in a
vehicle queue. However, it would also make sense to consider the price of stopping
vehicles. In particular, it must be possible that a large flow of moving vehicles in one
road section is prioritized to a short queue of standing vehicles in the other road
section. But how can we assess the relative disadvantage of stopping newly arriving
vehicles as compared to stopping the service of a vehicle queue at the intersection? If
the arrival flow is not large enough, it would certainly be better to continue serving
the standing vehicle queue in the other road until it is fully dissolved.
We pursue the following approach: While the flow model used before implicitely
assumes instantaneous vehicle accelerations and decelerations, we will now consider
that, in reality, a finite vehicle acceleration a causes additional delays of V j0 /(2a),
where V j0 denotes the free speed or speed limit. Furthermore, the reaction time Tr
must be taken into account as well. This leads to an additional delay of
T j0

= Tr +

V j0
2a

(A.1)

for each vehicle that leaves a queue. Tr is of the order of the safe time gap T . Note that
delays V j0 /(2b) due to a finite deceleration b do not additionally contribute to the delay
times, as it does not matter whether delayed vehicles spend their time decelerating or
stopped.1

1

The finite deceleration only matters slightly, when the exact moment must be determined when a
road section becomes fully congested.
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Appendix A. Considering the Price of Stopping Vehicles
Furthermore, we must determine the rate at which such additional delays are produced. This is given by the rate at which freely moving vehicles join the end of a traffic
jam, i.e. by
ρ jam |C j | =

ρ jam
ρ jam /A j − 1/V j0

≥ Aj ,

(A.2)

where ρ jam denotes the density of vehicles per lane in a standing queue. The propagation speed
Cj =

Aj −0

(A.3)

A j /V j0 − ρ jam

of the upstream front of the queue corresponds to the propagation speed of shock
fronts, see Refs. (Helbing, 2003; Helbing et al., 2007; Whitham, 2011). Depending on
the values of C j (or A j ) and T j0 , newly arriving vehicles can have an impact T j0 C j ρ jam
equivalent to about ∆N j = 10 queued vehicles.
Summarizing the above considerations, we suggest to replace the goal function G 1 (t )
by the generalized formula

Gb1 (t ) =

Zt
h
i
1X
I j d t 0 ∆N j (t 0 ) + T j0 |C j |ρ jam Θ(∆N j > 0) ,
t j

(A.4)

0

where Θ(∆N j > 0) = 1, if ∆N j > 0, and Θ(∆N j > 0) = 0 otherwise. In case (a) with
∆Ti ≤ Ti , we find

Fb1a (τ1 + ∆Ti + τ2 ) = F 1a (τ1 + ∆Ti + τ2 )
+ I 1 T10 |C 1 |ρ jam (τ1 + ∆T1 + τ2 )
+ I 2 T20 |C 2 |ρ jam (τ1 + ∆T1 + τ2 ) .

(A.5)

This implies

Gb1a (τ1 + ∆Ti + τ2 ) = G 1a (τ1 + ∆Ti + τ2 )
+ I 1 T10 |C 1 |ρ jam + I 2 T20 |C 2 |ρ jam

130

(A.6)

with G 1a (τ1 + ∆Ti + τ2 ) according to Eq. (3.22). Therefore, the partial derivative of
Gb1a (τ1 + ∆Ti + τ2 ) with respect to ∆T1 remains unchanged, and we find the same
optimal green time period ∆T1 = 0 or ∆T1 ≥ T1 . However, in case (b) with ∆T1 ≥ T1 ,
we obtain

Fb1b (τ1 + ∆Ti + τ2 ) = F 1b (τ1 + ∆Ti + τ2 )
+ I 1 T10 |C 1 |ρ jam (τ1 + T1 + τ2 )
+ I 2 T20 |C 2 |ρ jam (τ1 + ∆T1 + τ2 ) ,

(A.7)

which implies

Gb1b (τ1 + ∆Ti + τ2 ) = G 1b (τ1 + ∆Ti + τ2 )
+ I 1 T10 |C 1 |ρ jam + I 2 T20 C 2 ρ jam
∆T1 − T1
− I 1 T10 |C 1 |ρ jam
τ1 + ∆T1 + τ2

(A.8)

with G 1b (τ1 + ∆Ti + τ2 ) according to Eq. (3.28). In cases where an excess green time is
favorable, the corresponding formula for the green time duration becomes
(τ1 + ∆T1 + τ2 )2 =

2I 1
[E 1 + T10 |C 1 |ρ jam (τ1 + T1 + τ2 )] ,
I2 A2

(A.9)

i.e. the optimal green times tend to be longer. In order to support excess green times,
the condition (τ1 + ∆T1 + τ2 )2 ≥ (τ1 + T1 + τ2 )2 must again be fulfilled, which requires
µ
¶
(∆N1max )2 I 1
1
−
Qb1 − A 1 I 2 A 2 Qb1 − A 1
µ
¶
τ1 + τ 2
max I 1 τ1
+2∆N1
−
I 2 A 2 Qb1 − A 1
¶
µ
∆N1max
2I 1 T10 |C 1 |ρ max
2
≥ (τ1 + τ2 ) −
τ1 +
+ τ2 .
I2 A2
Qb1 − A 1
(A.10)

Comparing this with formula (3.32), we can see that the threshold for the implementa-
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tion of excess green times ∆T j > T j is reduced. Therefore, excess green times will be
implemented more frequently, as this reduces the number of stopped vehicles.
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B More than Two Traffic Phases

The above formulas for the optimize-one-phase approach can be easily generalized to
multiple traffic phases of more complicated intersections as in the case of Barcelona’s
center (see Fig. 3.1). For
∆Ti ≤ Ti =

∆Nimax
Qbi − A i

(B.1)

with
∆Nimax = ∆Ni (0) + A i τi ,

(B.2)

for example, we can derive from Eq. (A.6)

Gbia (τi + ∆Ti + τi +1 )
h
= I i ∆Ni (0) + Qbi τi +1
τi + ∆Ti + τi +1 i
−(Qbi − A i )
2
·
¸
X
τi + ∆Ti + τi +1
+
I j ∆N j (0) + A j
2
j (6=i )
X
+
I j T j0 |C j |ρ jam .

(B.3)

j
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In contrast, for ∆Ti ≥ Ti and with
E i = ∆Nimax τi

+

(∆Nimax )2
2(Qbi − A i )

,

(B.4)

from Eqs. (A.8) and (3.28) we obtain

Gbib (τi + ∆Ti + τi +1 )
Ii Ei
=
τi + ∆Ti + τi +1
·
¸
X
τi + ∆Ti + τi +1
+
I j ∆N j (0) + A j
2
j (6=i )
X
∆Ti − Ti
+
I j T j0 |C j |ρ jam − I i Ti0 |C i |ρ jam
.
τi + ∆Ti + τi +1
j
(B.5)

The minimum of this function is reached for
I i E i + I i Ti0 |C i |ρ jam (τi + Ti + τi +1 )
.
(τi + ∆Ti + τi +1 ) =
P
j (6=i ) I j A j /2
2

(B.6)

The occurence of excess green time requires (τi + ∆Ti + τi +1 )2 ≥ (τi + Ti + τi +1 )2 , i.e.
(∆Nimax )2

Ã

Ii
P

Qbi − A i

j (6=i ) I j A j

−

1

!

Qbi − A i

!
I i τ1
τi + τi +1
−
P
Qbi − A i
j (6=i ) I j A j
¶
µ
∆Nimax
2I i T 0 |C i |ρ jam
≥ (τi + τi +1 )2 − P i
+ τi +1 .
τi +
Qbi − A i
j (6=i ) I j A j
Ã

+2∆Nimax

(B.7)

It can be seen that the existence of more traffic phases is unfavorable for providing
excess green times. For their existence, a small number of phases is preferable.
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Procedure of Traffic Signal Control
Based on the above formulas, the next green phase i is determined as follows:
1. Set the time t to zero, after the last green phase i 0 has been completed.
2. Apply the required service time (amber time) of duration τi 0 +1 and set τ j = τi 0 +1
for all road sections j . Then, calculate ∆N jmax and E j for all j with formulas
(B.2) and (B.4).
3. During the service time, determine the green times ∆T j and T j with and without
green time extension, for each road section j with formulas (B.6) and (B.1).
4. If ∆T j > T j and Gbbj (τ j + ∆T j + τ j +1 ) < Gbaj (τ j + T j + τ j +1 ), see Eqs. (B.5) and
(B.3), consider the implementation of the extended green time ∆T j and set
Gb j = Gbb (τ j +∆T j +τ j +1 ). Otherwise consider the implementation of the clearing
j

time T j and set Gb j = Gbaj (τ j +T j +τ j +1 ), but if Gbaj (τ j +τ j +1 ) < Gb j , set ∆T j = 0 and
Gb j = Gba (τ j + τ j +1 ).
j

5. Among all road sections j 0 different from the previously selected one i 0 , choose
that one i for service, for which the expected average travel time Gbi is smallest
(i.e. Gbi = min j (6=i 0 ) Gb j ). Implement the selected green phase ∆Ti .
6. Update the length of the vehicle queue in road section i according to
∆Ni (τi + ∆Ti ) = 0

(B.8)

and the queue lengths in all other road sections j 6= i according to
∆N j (τi + ∆Ti ) = ∆N j (0) + A j (τi + ∆Ti ) .

(B.9)

If road section was not served (∆Ti = 0), update the vehicle queues in all road
sections j (including i ) according to Eq. (B.9).
7. At the end of the corresponding green time duration ∆Ti , set i 0 = i and continue
with step 1.
The optimize-multiple-phases approach can be generalized in a similar way. Then,
among all solutions satisfying preset flow constraints, that multi-phase solution is
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chosen, which minimizes the goal function and does not start with a service of the
previously served road section. In order to flexibly adjust to varying traffic conditions,
one may repeat the optimization after completion of one phase rather than after
completion of all the phases considered in the multi-phase optimization.
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C Limited Forecast Time Horizon

While traffic light optimization is an NP-hard problem (Papadimitriou and Tsitsiklis,
1999), we have simplified it here considerably by restricting ourselves to local optimization and to limited time horizons. Both simplifications may imply a potentially
reduced traffic performance in the urban street network, but this loss of performance
is small if traffic lights adjust to arriving vehicle platoons (Lämmer and Helbing, 2008).
The reliable look-ahead times are anyway very limited for fundamental reasons (see
the Appendix in Ref. (Lämmer and Helbing, 2008)). Therefore, one can restrict traffic
light optimization to time periods 1/λ, over which the traffic forecast can be done
with sufficient accuracy. When traffic lights are switched frequently, the value of 1/λ
of the forecast time horizon will go down.
Note that an optimization based on unreliable long-term forecasts will yield bad
results. Therefore, it is not only justified, but also successful to replace the optimization
of one or several full cycles by the optimization of, say, two phases. Alternatively, one
may minimize the exponentially weighted travel times, i.e. minimize the function

Ge =

X
j

Z∞
h
i
λI j d t e−λt ∆N j (t ) + T j0 |C j |ρ jam Θ(∆N j > 0)

(C.1)

0

by variation of the duration and sequence of green phases. While this approach is
less suited for an analytical optimization, it reminds of formulations of discounted
functions in economics (Feichtinger and Hartl, 1986). Goal function (C.1) can be
optimized numerically, limiting the evaluation of the integral to the range t < 3/γ.
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