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A B S T R A C T

The increase in demand for agricultural products driven by population and economic
growth and dietary changes has been met through agricultural intensi�cation, most
notably by the green revolution. The way this intensi�cation was achieved came at the
cost of several negative environmental and health externalities due to high use of syn-
thetic inputs, water, and conversion of diversi�ed landscapes to monocultures. Con-
sequently, agriculture is one of the main drivers of climate change, while at the same
time being most vulnerable to it. Tackling this issue requires a shift in perspective
from a production centred agricultural intensi�cation approach to alternative path-
ways such as sustainable intensi�cation and climate smart agriculture, envisioning
agriculture to provide multiple ecosystem services.

Coffee (Coffea arabicaL.) is particularly vulnerable to climate change. It is a perennial
crop, adapted to a narrow climatic niche, while relying on a narrow genetic base and
farmed predominantly by smallholder farmers. Climate change impact assessments
have relied on statistical niche models that analyse changes in future monthly tem-
perature and precipitation of coffee growing areas, indicating signi�cant investment
needs for adaptation to climate change. While some areas will be able to continue in
the coffee business, provided adaptation takes place, climate change will render coffee
production economically non-viable in other areas. Only few areas are expected to ex-
perience a bene�cial change. Commonly suggested agronomic adaptation options are
the use of improved coffee varieties, management of shade trees and irrigation. Yet,
improved understanding is required regarding where, when and how these general
adaptation options can contribute to adaptation needs. Responding to these knowl-
edge gaps will require new approaches for climate change impact assessment. These
methods need to go beyond analysing monthly temperature and precipitation data
and include the ecophysiological response of coffee to the interactive effects of light,
temperature, water and atmospheric chemistry. It entails the recognition of genotypic
and phenotypic plasticity of coffee as well as facilitative and competitive interactions
with shade trees. Such an analysis needs to integrate current knowledge, highlight
knowledge gaps and explicitly take into account uncertainty.

The aim of this thesis is to improve our understanding of the coffee ( Coffea arabica
L.) crop's response to climate change and evaluate adaptation options. First, different
coffee agro-ecological systems are compared along an elevation gradient in the Mt.
Elgon area of Uganda. This provides insights on how coffee farmers adapt to a range
of temperature and precipitation conditions and how this affects coffee yield. Second,
based on an extensive literature review and an existing process-based coffee model,
the interactive effects of climate on coffee yield and the modifying effects of asso-
ciating coffee with shade trees is explored along two East African mountain slopes,
namely Mt. Elgon, Uganda, and Mt. Kilimanjaro, Tanzania. The presented approach
aids in providing shade tree recommendations in space and time. Third, the uncer-
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tainty in climate change impact assessment with limited calibration data from Cauca,
Colombia is explored using Bayesian inference. Coffee model parameter uncertainty
is combined with Global Climate Model ensemble uncertainty. Past effects of El Niño-
Southern Oscillation are analysed using the calibrated coffee model.

In the �rst study, I analyse (i) coffee yield as a response to different constellations of
intercropped banana and shade tree densities, (ii) shade tree species diversity and (iii)
factors in�uencing farmer' choices of these different vegetation structures along an
elevation gradient of 1000and 2200m.a.s.l. The results indicated that elevation had a
positive effect on coffee yield. At low elevation, coffee yield bene�ted from increased
shading, while no signi�cant effects of vegetation structure were found on higher el-
evations. Yet, vegetation structure differed greatly along the elevation gradient, with
increasing banana densities and decreasing shade tree densities and shade tree di-
versity at higher elevations. Intercropping densities decreased with socio-economic
status of farmers, indicating increased diversi�cation needs with decreasing resource
availability. Other factors such as distance to urban markets that co-vary with eleva-
tion additionally might in�uence farmers' choices regarding vegetation structure of
coffee agroecosystem.

In the second study, I explore potential responses of the coffee plant to interactions
of light, temperature, water and elevated atmospheric carbon dioxide [CO 2] using
a process-based coffee model connected to spatially variable soil and climate data.
Moreover, the potential for adaptation through shade tree management is explored.
The results indicate signi�cant negative effects of increasing temperature on coffee
yield at low elevation, whereby elevated [CO 2] could potentially mitigate these neg-
ative effects substantially. Shade management proves to be a promising adaptation
strategy, yet requiring careful consideration of competitive effects, particularly water
competition. Main uncertainties remain regarding impacts of climate change on �ow-
ering success, coffee quality and adequate representation of climate extremes.

The third Chapter presents a climate change impact assessment by combining Bayesian
parameter estimation of a process-based coffee model with Global Climate Model en-
sembles and past effects of El Niño-Southern Oscillation for the case of Cajibío, Cauca,
Colombia. For model calibration, yield data is usually the only data type widely avail-
able. Therefore, by comparing different calibration set-ups I evaluate to what degree
yield data alone is appropriate to constrain the coffee model. The results indicated that
when combining coffee model parameter uncertainty and climate change uncertainty,
yield data is of great value to explore plausible impacts of future climate change im-
pacts. Running the calibrated model using past climate data allows to improve our
understanding of potential impacts of interannual climate variability. I discuss ways
to improve uncertainty assessment and representation of climate variability.

v
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Z U S A M M E N FA S S U N G

Der steigende Bedarf an landwirtschaftlichen Gütern wurde vor allem durch das
Bevölkerungs- und Wirtschaftswachstum bestimmt und durch die landwirtschaftli-
che Intensivierung ermöglicht, wobei die Grüne Revolution entscheidend war. Diese
Intensivierung erfolgte auf Kosten negativer Umwelt- und Gesundheitsauswirkun-
gen aufgrund des hohen Einsatzes synthetischer Düngemittel und Pestiziden, hohen
Wasserverbrauchs und der Ersetzung biologischer Vielfalt durch Monokulturen. In-
folgedessen, ist die Landwirtschaft einer der grössten Verursacher des Klimawandels,
gleichzeitig jedoch auch am meisten davon betroffen. Um dieser Problematik entge-
genzusetzen ist ein Perspektivenwandel notwendig, welche die produktionszentrier-
te Intensivierung mit alternativen Lösungsansätzen der nachhaltigen Intensivierung
und klimaintelligenten Landwirtschaft ersetzt, wobei nicht nur die Erträge, sondern
mehrere Ökosystemdienstleisungen gleichzeitig verbessert werden.

Für die Kulturp�anze Kaffee ( Coffea arabicaL.) ist der Klimawandel eine besondere
Herausforderung. Kafee ist eine mehrjährige P�anze, angepasst an eine schmale öko-
logische Nische, mit einer schmalen genetischen Basis und mehrheitlich von Klein-
bauern angep�anzt. Forschungsstudien haben die vom Klimawandel verändernden
Temperatur- und Niederschlagsbedingungen der Kaffeeanbaugebiete mittels statis-
tischer Methoden analysiert und kamen zum Schluss, dass für viele Anbaugebiete
grosse Investitionen für die Anpassung notwendig sind. In einigen Gebieten wird der
Kaffeeanbau auch trotz Anpassung nicht mehr ökonomisch rentabel sein, während
andere Gebiete vom Klimawandel pro�tieren können. Die meist empfohlenen agro-
nomischen Anpassungsstrategien sind die Verwendung von verbesserten Kaffeeva-
rietäten, Anpassung mittels Schattenbäumen, und die Bewässerung. Es fehlen jedoch
konkrete Empfehlungen bezüglich wo und wann diese Anpassungsstrategien notwen-
dig sind und wie diese Umgesetzt werden sollen. Dies erfordert neue Methoden für
die Bewertung der Folgen des Klimawandels. Dabei muss der Ein�uss der Interak-
tionen von Licht, Temperatur, Wasser und atmosphärischem Kohlendioxid [CO 2] auf
die Ökophysiologie der Kaffeep�anze berücksichtigt werden. Zudem bedingt dies
das Verständnis von genotypischer und phänotypischer Plastizität der P�anze sowie
Synergie- und Konkurrenzeffekte von Schattenbäumen. Diese Analyse sollte die In-
tegration der wissenschaftlichen Kenntnis, das Aufzeigen von Forschungslücken und
die explizite Berücksichtigung von Unsicherheiten ermöglichen.

Das Hauptziel dieser Doktorarbeit ist es zur wissenschaftlichen Kenntnis bezüg-
lich den Auswirkungen des Klimawandels auf die Kaffeep�anze beizutragen und
Anpassungsstrategien zu evaluieren. Dafür wurden zuerst verschiedene Produktions-
systeme entlang eines Höhengradienten zwischen 1000und 2200m.ü.M. verglichen,
welche sich vor allem bezüglich ihrer vegetativen Zusammensetzung unterscheiden.
Diese Untersuchungen erfolgten in der Mt. Elgon Region in Uganda und ermöglich-
ten Einsichten in die Anpassungsstrategien der Kaffeebauern zu den verschiedenen
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Temperatur- und Niederschlagsbedingungen und deren Auswirkungen auf die Kaf-
feeproduktion. Danach wurde mittels einer umfassenden Literaturrecherche und an-
hand eines prozess-basierten Kaffee Models die wechselwirkende Beein�ussung des
Klimas auf die Produktivität des Kaffees und der Ein�uss der Schattenbäume eru-
iert. Hierfür wurden zwei Ostafrikanische Berghänge gewählt, nämlich Mt. Elgon,
Uganda, und Mt. Kilimanjaro, Tansania, um die verschiedenen Klimabedingungen zu
vergleichen. Die entwickelte Methode ermöglicht wichtige Erkenntnisse welche für
die Bewirtschaftung von Schattenbäumen notwendig sind. Letztlich wurde die Kas-
kade an Unsicherheiten welche sich bei der Bewertung der Folgen des Klimawandels
anhäufen mittels Bayesianischer Inferenz in Kombination mit dem Ensemble der glo-
balen Klimamodelle berechnet. Der Ein�uss der El Niño-Southern Oscillation wurde
anhand des kalibrierten Kaffeemodels und Klimadaten der letzten 30 Jahre analysiert.
Diese Analyse wurde anhand vorhandener Daten aus Cajibío, Cauca, Kolumbien un-
ternommen.

Die erste Studie analysiert (i) wie verschiedene Konstellationen von assoziierten
Bananen- und Schattenbaumdichten die Kaffeeerträge beein�ussen, (ii) die Diversität
von Schattenbäumen und (iii) Faktoren welche die Entscheidungen der Bauern beein-
�ussen bezüglich Vegetationsstruktur der Agrarökosysteme. Der Kaffeeertrag stieg
mit der Höhenlage an und wurde an tiefen Höhenlagen von erhöhtem Schatten be-
günstigt. Auf anderen Höhenlagen konnten jedoch keine signi�kanten Effekte der
Vegetationsstruktur ausgemacht werden. Entlang des Höhengradienten veränderte
sich die Vegetationsstruktur markant, mit erhöhten Bananendichten und reduzierten
Schattenbaumdichten mit steigender Höhe. Ärmere Bauern hatten tendenziell höhe-
re Dichten an Bananen und Schattenbäumen in ihren Kaffeefeldern, was auf höhere
Diversi�zierungsbedürfnisse hinweist um die Ernährungssicherheit zu gewährleisten.
Weitere Faktoren welche sich mit der Höhenlage verändern, wie die Distanz zu ur-
banen Märkten, tragen zusätzlich zur Entscheidungs�ndung der Bauern bezüglich
Vegetationsstruktur des Kaffee-Agrarökosystems bei.

In einer zweiten Studie wurden die sich wechselseitig beein�ussenden Effekte von
Licht, Temperatur, Wasser und erhöhtem [CO 2] auf die Kaffeeeträge mittels eines
prozess-basierten Modells untersucht. Das Modell wurde mit räumlich variablen Klima-
und Bodendaten verknüpft um Erkenntnisse über räumlich explizite Anpassungsmög-
lichkeiten an den Klimawandel mittels Schattenbäumen zu erlangen. Die Resultate
weisen auf markant negative Auswirkungen von Temperaturanstieg auf den Kaffee-
ertrag tiefer Höhenlagen hin, zeigen aber auch das Potenzial von erhöhtem [CO 2]
diesem negativen Effekt entgegen zu wirken. Die Bewirtschaftung von Schattenbäu-
men erweist sich als vielversprechende Anpassungsstragie, jedoch müssen die Kon-
kurrenzeffekte, vor allem die Konkurrenz um Wasser, sorgfältig beurteilt werden. Die
wichtigsten Unsicherheiten welchen mehr Forschung gewidmet werden muss ist der
Effekt des Klimawandels auf den Kaffeeblüherfolg, die Kaffeequalität und verbesserte
Evaluierung der Auswirkungen von Klimaextremen.

Die dritte Studie ermittelte die Folgen des Klimawandels für den Kaffeeanbau
mittels Bayesianischer Parameterschätzung des prozess-basierten Kaffeemodels ver-

vii



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page viii — #8
i

i

i

i

i

i

knüpft mit dem Ensemble von globalen Klimamodellen und vergangener Auswirkun-
gen des El Niño-Southern Oscillation für den Fall von Cajibío, Cauca, Kolumbien. Für
die Kalibrierung des Modells stehen grösstenteils nur Ertragsdaten zur Verfügung,
weshalb verschiedene Kalibrationskon�gurationen getestet wurden um herauszu�n-
den ob Ertragsdaten alleine genügen um Modellparameter zu schätzen. Die Resultate
zeigen auf, dass die Kalibrierung mit nur Ertragsdaten genügen, wenn die Unsicher-
heiten der Kaffeemodellparameter und die Klimaunsicherheiten kombiniert werden.
Zudem erweist sich die Simulation mit vergangen Klimadaten als nützlich um die
Auswirkung von interannuellen Klimavariabilität zu untersuchen. Schliesslich disku-
tiere ich Optionen um die Unsicherheitsanalyse und die Darstellung von Klimavaria-
biliät zu verbessern.
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G E N E R A L I N T R O D U C T I O N

It is not the strongest of the species that survives, nor the
most intelligent that survives. It is the one that is most
adaptable to change

— Charles Darwin

1.1 the coffee commodity chain

The rise in demand for agricultural products of the last century driven by population
and economic growth and dietary changes has been met through agricultural expan-
sion and intensi�cation, most notably by the green revolution. The way this intensi-
�cation was achieved came at the cost of several negative environmental and health
externalities due to high use of synthetic inputs, water, and conversion of diversi-
�ed landscapes to monocultures (Foley et al., 2005; Tilman et al., 2001). Consequently,
agriculture is one of the main drivers of climate change, while at the same time be-
ing most vulnerable to it (IPCC, 2014). To disrupt these negative feedbacks a shift in
perspective is required from a predominant focus on yield increase to a food systems
perspective on sustainable intensi�cation (Loos et al., 2014). Due to increasing land
use competition, the main challenge is to increase crop yields on existing agricultural
land, whilst minimizing its negative social and environmental impacts (Garnett et al.,
2013) or preferably whilst contributing to the overall resilience and sustainability of
landscapes (Rockström et al.,2017). Possible pathways to reaching this goal depend
on the crop type and the socio-ecological context. This thesis aims to explore such
pathways in the context of the coffee (Coffea arabicaL.) crop.

Coffee is a tropical cash crop that provides a livelihood for approximately 25million
mostly smallholder farmers (Samper and Quiñones-Ruiz, 2017) in over 70 countries
(FAO, 2015). Two species make up the bulk of commercial coffee farming, namely
Coffea canephoraPierre and Coffea arabicaL. C. canephorahas its origins in the Congo
basin and Lake Victoria area, while C. arabicahas its main origins in the highlands
of South-Western Ethiopia with presence reported on the Boma Plateau and Mount
Imantong of Sudan and Mount Marsabit of Kenya (Lashermes et al., 2016). Therefore,
they are adapted to two very distinct environments, with C. canephoraadapted to high
temperature and C. arabicato cool temperature. Furthermore, the beans of the former
have higher caffeine content and generally lower cup quality leading to lower prices.
However, higher yield and lower production costs often compensates for the lower
prices.

As coffee farming (like many other tropical crops) has its origins in colonialism, the
historic development of the value chain resulted in huge power asymmetries between
downstream and up-stream actors with increasing market shares of fewer traders and

1



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 2 — #15
i

i

i

i

i

i

1.2 coffee and climate change 2

multinational roasting companies (Fridell, 2014). While the big majority of the coffee
farmers are smallholders with limited resources and poor market linkages, they have
to bear the greatest risk as faced by climate variability, climate change and price volatil-
ity (Samper and Quiñones-Ruiz, 2017). Coffee prices are formed on stock exchange
markets with futures markets loosening the relationship between coffee futures prices
and physical supply and demand leading to increased dependency on global capital
accumulation (Newman, 2009). Adding the currency exchange from US Dollars to the
local currency often leaves farmers with a market price far below production costs.
Pro�tability �uctuates considerably leading to negative feedbacks on poverty and
food security (Bacon et al., 2014). These are some of the reasons why the youth is not
keen to stay in coffee, leading to increased uncertainty regarding who and where cof-
fee will be produced in the future. Fair trade certi�cation has intended to counteract
this reality by providing minimum prices, but this has not had suf�cient change po-
tential to provide coffee farmers a truly fair share of their value contribution (Fridell,
2014; Samper and Quiñones-Ruiz, 2017).

Coffee is farmed in many of the biodiversity hotspots of the tropics (Magrach and
Ghazoul, 2015). Due to its traditionally environmental friendly production systems
in highly diverse agroforestry systems (Hemp, 2006a; Jha et al.,2014; Moguel and
Toledo, 1999), coffee farming has attracted great interest by ecologists and environ-
mental labels. Hence, coffee has often been selected as a model crop for showcasing
the potential of multifunctionality in agriculture, where goals of agricultural produc-
tion can be achieved alongside biodiversity conservation and climate change mitiga-
tion (Perfecto and Vandermeer, 2015; Rahn et al., 2014; Tscharntke et al., 2015). This
potential, in addition to the recent increase in interest for high quality coffee with
its wine-like terroir characteristics (third wave coffee movement), has provided new
hopes for adding more value and hence better prices to farmers' contribution in the
coffee industry (Samper and Quiñones-Ruiz, 2017).

1.2 coffee and climate change

Coffee has been identi�ed as a particularly vulnerable crop in the context of climate
change (Bunn et al., 2015b; Magrach and Ghazoul, 2015; Moat et al., 2017). First, due
to its perennial nature, investment in coffee requires a long-term commitment, mak-
ing adaptation to climate variability and change a challenging task, particularly for
smallholder farmers. Second, Arabica coffee has a very low genetic base (Cenci et al.,
2012) and is adapted to a very narrow climatic niche, leading to high susceptibility to
expected changes in climate. Climate change impact assessments have so far relied on
statistical species distribution models to map current and likely future distribution of
suitable climate for coffee growing, indicating dramatic impacts for some traditional
coffee growing areas (Imbach et al., 2017; Moat et al., 2017; Ovalle-Rivera et al., 2015).
These studies have successfully attracted the attention of the coffee industry and gov-
ernments, initiating discussions on how to deal with potential impacts of a changing
climate. However, these climate change impact studies lack the representation of the
coffee plant's perspective on climate change and variability (Reyer et al., 2013), re-
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quiring an improved understanding of the coffee plant's response to possible climate
change scenarios. This implies taking into account genotypic and phenotypic plastic-
ity as a response to varying climate and soil characteristics, changes in atmospheric
chemistry, and agricultural management (Bertrand et al., 2015; Nicotra et al., 2010;
Van der Vossen et al.,2015).

Understanding the genetic evolution and diversity can help identifying its potential
for adaptation to a changing climate. Arabica coffee has been formed by hybridization
from two diploid species: C. canephora(C genome) and C. eugenioides(E genome) rela-
tively recently (< 100,000years ago) (Lashermes et al.,2016). It is believed to have left
Ethiopia and been brought to Yemen in the 6th century (Van der Vossen et al., 2015;
Waller et al., 2007), where it was cultivated for approximately 1000years before being
spread to the rest of the coffee growing countries. This coffee was based on solely
one plant genetic material, which resulted in the varieties Typica and Bourbon once it
left Yemen. These are low yielding varieties that are susceptible to pests and diseases
but with high cup quality. Two important natural events gave rise to the modern high
yielding and more resistant varieties cultivated on many farms today. On the island of
Timor a spontaneous cross betweenC. arabicaand C. canephoraled to the Timor hybrid
that inherited C. canephora's resistance to leaf rust, while in Brazil a natural dwarf vari-
ety called Caturra appeared as a mutation from Bourbon with shorter internodes and
higher yield potential. Caturra's compact canopy architecture furthermore enabled
very high densities leading to a substantial plot level yield increase. These two vari-
eties (Timor hybrid and Caturra) were then used as parent material to breed a high
yielding and disease resistant variety called Catimor. Many of today's most produc-
tive varieties are descendants of Catimor, such as the Colombia and Castillo variety
in Colombia. Differences between genotypes have been mainly related to morphol-
ogy such as height, leaf area, internode length, root to shoot ratio (Zhang et al., 2017)
and pest and disease susceptibility (Van der Vossen et al., 2015). Differences in roots
and canopy structure lead to differences in drought susceptibility. Van der Vossen
et al. (2015) found Arabica coffee to have its remarkable adaptation potential to a
wide range of environments due to the allotetraploidy of its genome, despite its ge-
netically narrow source population. Therefore, there is marked phenotypic variation
and there is strong evidence of heterosis when particular accessions are crossed (Van
der Vossen et al., 2015). The (un)intentional selection of coffee varieties since its jour-
ney out of Ethiopia and its long duration in dry Yemen have led to varieties that
are more drought tolerant than most of the original Ethiopian germplasm (Van der
Vossen and Browning 1978, cit. in Van der Vossen et al., 2015). Nevertheless, plant ge-
netic resources in Ethiopia are essential for future breeding programs, but population
pressure induced land-use change (Van der Vossen et al.,2015) and climate change
(Moat et al., 2017) are endangering its natural habitat.

Pests and diseases often reduce crop yield and their interactions with agronomic
practices including shade management and coffee variety and environmental condi-
tions are highly complex (Allinne et al., 2016; Liebig et al., 2016; Ratnadass et al.,2012).
Adequate agronomic practices required for high plant health depends on the eco-
nomic situation of farmers, which is in�uenced by the coffee price, national currency
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exchange rates, and input costs (Avelino et al., 2015). Interannual climate variability
(e.g. ENSO) and climate change constantly change the meteorological conditions such
as temperature and humidity that in�uence the life cycle of both fungal pathogens
and insects (Bebber et al.,2016; Jaramillo et al., 2011). Among the several pests and
diseases affecting Arabica coffee worldwide, coffee leaf rust (Hemileia vastatrix) and
the coffee berry borer (Hypothenemus hampei) cause the most severe damage.

Shade has been an essential element in traditional coffee farming systems, mimick-
ing coffee's origin as an understory shrub (DaMatta, 2004). The bene�t of shade to
the coffee plant depends on the used varieties and environmental conditions (Beer
et al., 1998). The modern dwarf varieties which have a more dense canopy enabled to
increase the planting density, resulting in signi�cantly increased self-shading (Mon-
tagnon et al., 2012). Furthermore, certain coffee growing areas already have high nat-
ural shading due to frequent cloud cover. Because �oral initiation is a function of
light, shading often reduces yield (Cannell, 1985; Franck and Vaast, 2009). On the
other hand, decreased leaf-to-air vapour pressure de�cit under shade improves stom-
atal and mesophyll conductance over the day (Franck and Vaast, 2009; Martins et al.,
2014b), which is particularly important as coffee photosynthesis is mainly limited
by diffusive rather than biochemical limitations (Chaves et al., 2008; DaMatta et al.,
2007; Franck and Vaast,2009; Martins et al., 2014b). Increased diffuse light availability
(Charbonnier et al., 2013) and speci�c leaf area (Martins et al., 2014b) under shade fur-
ther increases the fraction of absorbed photosynthetically active radiation. Increased
leaf litter can improve soil organic matter. Biotic factors are also greatly in�uenced by
the modi�ed microclimate of shade trees. The increased humidity under shade, for
example, can also amplify fungal diseases (López-Bravo et al., 2012) but this depends
on environmental conditions (Liebig et al., 2016).

1.3 adaptation to climate change

Adaptation strategies can be classi�ed according to the timeline of different types of
decisions from autonomous and incremental to planned and transformative (Smith et
al., 2011). Incremental adaptation and innovations are based on farmers' experiences
to deal with climate variability, while transformative adaptation refers to fundamen-
tal changes in livelihoods, including moving to another industry or another region
(Läderach et al., 2017). In order to appropriately conduct climate change impact as-
sessment and identifying adaptation options, we need to account for the interactive
effects of the coffee varietal traits in response to the environment. On the other hand,
an increased understanding of likely changes in mean and extreme climate at the
different coffee growing areas is required. The advantage of using statistical species
distribution models for climate change impact assessment is the low data require-
ments. This method uses different statistical models (e.g. generalized linear modelling
and/or machine learning methods) to relate presence and (pseudo) absence data of
where coffee is currently grown with mean monthly temperature and precipitation
data. This approach is useful in providing hypotheses on climatic conditions suitable
for coffee but there are several challenges that need to be taken into consideration



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 5 — #18
i

i

i

i

i

i

1.4 framework 5

when used for prediction. First, the current coffee growing area is not necessarily rep-
resentative for where coffee could potentially be grown, as other factors than climate
also determine whether coffee is grown at any given site. Second, plants are not static
and can have considerable ability to adapt to new environments through phenotypic
plasticity, which the model does not account for. Third, the plant's response to cli-
mate change will also depend on the change in atmospheric chemistry and on the
soil conditions. Fourth, no distinction is made between production systems in terms
of management intensity and genotypes used, making it dif�cult to understand what
the resulting relationship actually represents. However, although we still lack a com-
plete understanding of how climate change will impact coffee ecophysiology, there is
considerable knowledge on the eco-physiological and agronomical processes relevant
in such an analysis. To make explicit use of this knowledge and related uncertainties
a process-based modelling approach is required.

1.4 framework

As outlined in the above section, perennial tropical crops face various challenges for
understanding likely impacts of global change and identi�cation of possible adapta-
tion strategies. This PhD study aims at dealing with these challenges by contributing
novel approaches from various perspectives. Next to exploring how farmers adapt
their management practices along an altitudinal gradient (considered as a rough
proxy for issues relating to climate), the main focus of this thesis is on represent-
ing the coffee plant's perspective on climate change in a modelling framework. The
general modelling framework is illustrated in Figure 1.1.

Data collection for the modelling study is based on an extensive literature review
on the ecophysiology of coffee, with particular focus on phenotypic and genotypic
plasticity of relevant plant traits. Knowledge on coffee's plastic behaviour needs to
be taken into account to make the model applicable to different environmental con-
ditions, without the need for calibration at every site. Additionally, insights gained
from the vast literature on functional trait ecology of other plant species where sim-
ilar relationships are to be expected, can be adapted to coffee. Therefore, a good un-
derstanding of functional trait ecology can substantially bene�t any process-based
modelling endeavour. Global sensitivity analysis allows for understanding model be-
haviour and identify most in�uential parameters, while Bayesian inference allows
estimating parameter values based on prior knowledge of possible parameter values
and observation data of the location of interest.

1.4.1 Crop and tree ecophysiology

Crop and tree/forest models are based on ecophysiological knowledge. This knowl-
edge is gained through controlled experiments in growth chambers and on �eld trials
(Lambers et al., 2008). The aim is to represent physiological responses to the environ-
ment providing causal, mechanistic explanations of crop/tree growth through balanc-
ing gain and loss �uxes of carbon, water and nutrients. Quantitative models are used
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Figure 1 .1: Framework for understanding impacts of climate change on perennial tropical
crops and identifying adaptation strategies

to integrate the processes of photosynthesis, respiration, assimilate allocation, plant
water relations, and mineral nutrition to analyse plant growth (Goudriaan and Van
Laar, 1994; Landsberg and Sands,2011; Soltani and Sinclair, 2012). Most models are
source-driven, which assume that carbon assimilation is limiting growth (Sinclair and
Jamieson,2006), although this assumption was revised recently (Fatichi et al., 2014;
Körner, 2015). A brief history of agricultural systems modelling is provided by Jones
et al. (2016). Apart from crop yield, other outputs such as biomass, water use and
nutrient cycles can be of interest. This is achieved by integrating the agro-ecological
system components and their interactions to aid in understanding and predicting the
overall agro-ecosystem performance.

The main purpose of agricultural systems models is to aid in scienti�c understand-
ing of individual system components and their interactions. Models for increasing
basic scienti�c understanding are typically developed at �ne time scales leading to a
large number of parameters. Many of these parameters are not well known leading
to large uncertainties, particularly because input data are often not available in suf�-
cient quality for adequate parameter estimation. This limits the use of such models for
decision/policy support. On the other hand, simpler models termed functional mod-
els or phenomenological models make use of empirical relationships to approximate
complex processes based on more readily available data (Jones et al.,2016). Examples
for such models are the use of the plant's leaf area index for estimating light intercep-
tion and light use ef�ciency or the estimation of potential evapotranspiration using
the Penman-Monteith equation (Allen et al., 1998). Differences between available crop
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models are mainly due to variations in combining mechanistic and functional model
components (Jones et al.,2016). The use of available models as ensembles are often
better predictors. For example, according to the agricultural model intercomparison
project, the median of multiple wheat and maize models was a better predictor of
crop yield across multiple sites than any single model (Asseng et al., 2013; Bassu et
al., 2014). Models for decision and policy support are described by Van Ittersum et al.
(1998) as descriptive models that aim at analysing how the system would respond if a
particular decision was made or analysing alternative designs of agricultural systems
on different spatial scales. These models need not improve scienti�c understanding
but provide reliable system response information to decision and policy needs (Jones
et al., 2016).

1.4.2 Functional trait ecology

Plant traits are related to morphological, anatomical, biochemical, physiological and
phenological features which are measurable at the individual level (Violle et al., 2007).
Within the �eld of functional trait ecology these traits are considered to re�ect the out-
come of evolutionary and community assembly processes responding to abiotic and
biotic environmental constraints (Valladares et al., 2007). The covariation between cer-
tain functional traits that occur along a single axis (e.g. light gradient), describe trade-
offs among resource acquiring traits and resource conservation traits. Most studies
have focused on trait covariation between species, while within-species variation has
only recently begun to be studied (Albert et al., 2010). Understanding whether the
found relationships in natural systems also apply to managed agroecosystems is of
high relevance, particularly as this can improve the representation of phenotypic and
genotypic plasticity in crop models (Garnier and Navas, 2012; Martin and Isaac, 2015).
Recently, this approach has been applied to agroecosystems analysing intraspeci�c
trait variation, including in C. arabica(Gagliardi et al., 2015; Isaac et al.,2017). It al-
lows informing a mechanistic understanding of plant strategies that enable adaptation
to differing environments and management contexts. Furthermore, as coffee is often
grown associated with shade trees, developing predictive models is more challeng-
ing than with monocrops. These challenges are related to identifying and modelling
niche differentiation, facilitation and competition. Functional trait ecology is expected
to contribute signi�cant knowledge in this respect. The complexity further lies in un-
derstanding these plant-plant interactions along axis of abiotic gradients (Brooker et
al., 2016; Copeland and Harrison, 2017). Improving our understanding on these issues
will allow for better design and management of coffee agroecosystems. For example,
phenological trait differences between coffee and associated shade trees can be used
to optimize light availability. Root trait differentiation can be used for managing water
and nutrient competition (Beer et al., 1998). Wagg et al. (2017) showed that increased
variation in both spatial and phenological traits within communities expressed great-
est complementarity. This complementarity results in an overyielding effect (Wagg
et al., 2017), meaning that the mixture of these plant species is more productive than
the average of the respective species monocultures.
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The global database on plant traits (Kattge et al., 2011) allows access to trait data
for a large number of species along environmental gradients. This allows testing a
multitude of ecological questions but is also very valuable for the estimation of pa-
rameter values in vegetation models (Kattge et al., 2009; White et al., 2000; Ziehn
et al., 2011). Garnier and Navas (2012) and Martin and Isaac (2015) advocated to ap-
proach agricultural research based on functional trait ecology to advance the theory
of agroecology required for predictive capability. One of the key constraints identi-
�ed by Martin and Isaac ( 2015) is the lack of consolidated functional trait data for
the world's most common crops. They suggest that data of four main dimensions of
functional trait variation in plants should be compiled, namely: (i) whole-plant traits,
(ii) leaf economics traits, (iii) root functional traits and (iv) reproductive traits. Addi-
tionally site-, management- and plant-level covariate metadata would be required for
comparative analyses (Martin and Isaac, 2015).

1.4.3 Modelling approaches

There are several modelling approaches to analyse plant dynamics. The range in mod-
els differ in complexity and data needs. This also leads to different computational de-
mand. The different models have high complementary value, each suited for a speci�c
objective. Models of lower complexity could be evaluated by comparing them with
models of higher complexity. In the following, we give an overview of the relevant
process-based models of interest for analysing coffee growth in a climate change con-
text. Additional agroforestry models have been reviewed by Luedeling et al. ( 2016).

Virtual plants - plant scale

The most detailed models are so called virtual plant models or functional-structural
plant modelling approaches. They integrate the development, growth and function of
all parts of the plant (cells, tissues, organs. . . ) at different level of details in their
spatio-temporal context (Ndour et al., 2017). Dauzat et al. (2001) used a virtual plant
to simulate stomatal conductance and the energy balance at the leaf level of indi-
vidual leaves to calculate their transpiration. Matsunaga and Rakocevic ( 2011) and
Matsunaga et al. (2016) developed a model based on VPlants (Pradal et al., 2009) that
allows to reconstruct coffee tree architecture in 3D, including foliage and berry distri-
bution within tree structure and yield over time. This high detail comes at the cost of
very high data requirements and number of parameters per individual plant, leading
to signi�cant challenges for use at the plot-level. Yet, they have a signi�cant potential
for exploring several basic research questions.

MAESPA - plot scale

MAESPA is the result of coupling the tree-scale light interception and ecophysiol-
ogy model MAESTRA (Medlyn, 2004; Wang and Jarvis, 1990) and the soil and ecosys-
tem water and energy balance SPA (Williams et al., 2001a; Williams et al., 2001b). It
is a detailed 3D model that uses radiation transfer theory (Wang and Jarvis, 1990) to
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estimate competition for absorbed photosynthetic photon �ux density between tree
canopy and understory canopy (Duursma and Medlyn, 2012), which has been ap-
plied to coffee agroforestry systems by Charbonnier et al. ( 2013) and Charbonnier et
al. (2017). The model represents tree crowns using geometrical shapes such as ellip-
soidal, conical and cylindrical de�ned by their height and radius in two directions.
Tree growth is not simulated and has to be supplied as input. The model has been
used to upscale leaf- and plant-level measurements to the plot scale and is therefore
a very useful tool to improve our understanding of light competition on plot-scale.
To overcome the challenges of detailed parameterization and �ne resolution inputs,
summary models for light interception and light-use ef�ciency of non-homogeneous
canopies have been proposed (Duursma and Mäkelä, 2007; Forrester, 2014b).

Gutierrez et al. ( 1998) - Rodríguez et al. ( 2011) - plant scale

This model uses an age/mass structured populations model to simulate vegetative
growth of stem, roots and leaves, enabling branch level computation of leaf area index
(Gutierrez et al., 1998). An age-structured branch level population model simulates the
development of �oral buds, their transitioning to �owers, and photosynthesis, while
roots and main stem are simulated as separate age-structured population models
(Rodríguez et al., 2011). This model uses a very interesting approach for modelling
�owering phenology. Current limitations for climate change studies, is that it does not
represent the interactive effects of elevated atmospheric CO2 and temperature and its
current plant-level application. Furthermore, the model code is not public hindering
its use by other research groups. Yet, the general approach is useful and should be
taken up in future work, particularly for studying �owering phenology.

Van Oijen et al. ( 2010b) - plot scale agroforestry

This is the only model proposed for plot scale coffee agroforestry systems. It is
based on the Wageningen crop modelling school (Van Ittersum et al., 2003) and in-
cludes, next to coffee yield and biomass, also several other ecosystem (dis)services
of interest, such as nitrogen leaching to groundwater and nitrogen emissions to the
atmosphere, rate of loss of organic carbon and nitrogen in surface runoff (Van Oijen
et al., 2010b). This model has been selected for this PhD study, as it is speci�cally
designed to deal with coffee agroforestry systems and includes a mechanistic light
use ef�ciency approach that deals with the interaction between temperature and at-
mospheric CO2. More details on the model can be found in Chapter 3.

Optimality models

Plant optimization theories try to explain the adaptive behaviour and evolution of
plants from the perspective of natural selection. Hereby, the model is constructed us-
ing objective functions that are assumed to be maximized by the plant with respect
to one or more plant functional traits (Dewar, 2010). Examples of such optimality
principles are stomatal conductance (Cowan and Farquhar, 1977), leaf and canopy
N content (e.g. Dewar, 1996; Haxeltine and Prentice, 1996), shoot/root biomass ratio
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(e.g. Reynolds and Thornley, 1982), and N allocation within canopies. Different ob-
jective functions have been used. Schymanski et al. (2015), for example, based their
model on the assumption that vegetation self-optimizes to maximize its `Net Carbon
Pro�t' (i.e. maximizing the difference between carbon acquired by photosynthesis and
carbon spent on maintenance of the organs involved in its uptake) and �nds the `opti-
mal' vegetation for given environmental conditions. Caldararu et al. ( 2014) developed
a global mechanistic model of leaf phenology based on the hypothesis that phenology
is a strategy for optimal carbon gain at the canopy level. Such a modelling approach
is particularly interesting for global change research, yet it is constrained by epistemic
uncertainty regarding what plants actually maximize. Therefore, optimality models
have so far only been used for parts of the plant system, but never for an entire plant
system. These models are promising tools to test our hypotheses on plant strategies
that enable adaptation to different environments and climate change (Schymanski et
al., 2015). The knowledge gained with these models allows improving representation
of phenotypic plasticity in crop models.

1.4.4 Model parameter estimation

Models are per de�nition simpli�cations of reality. While this simpli�cation is very
useful, it also entails various challenges related to model identi�cation and uncer-
tainty assessment. It is likely that various different models (either different in model
structures or the same model structure but with different parameterizations) lead to
the same output (termed equi�nality), whereby it might be dif�cult to judge which
model is superior (Beven and Freer, 2001). Therefore, using process-based models
also requires sound statistical treatment of model uncertainty. As a �rst step, model
behaviour can be analysed. This is done by using sensitivity analysis. Local sensitiv-
ity analysis looks at the model response when changing only one parameter at a time.
The shortcoming of this method is that it does not reveal how much the sensitivity
varies in relation to the other parameters (Norton, 2015). In non-linear models, this
interaction between parameters is of high relevance. Global sensitivity, on the other
hand, evaluates all parameters together, by measuring the sensitivities of each indi-
vidual parameter in terms of proportions of the output variance and to combinations
of parameters. The challenge in using global sensitivity analysis is the increasing com-
putational demand with increasing number of parameters. Several methods exist that
mainly differ in how they sample the multidimensional parameter space. Among the
available methods, the extended Fourier amplitude sensitivity test (Saltelli et al., 1999;
Wang et al., 2013) has been identi�ed as the most ef�cient, while also explicitly consid-
ering interactions between parameters. Global sensitivity analysis allows evaluating
if the model behaves as expected, but also to identify which parameters most in�u-
ence model output in different environmental conditions. Furthermore, identi�cation
of the most in�uential parameters is useful to minimize the amount of parameters
required for calibration.

Parameter estimation can be done through various ways (Wallach et al., 2014). Fre-
quentist approaches entail identifying maximum likelihood of a parameter set. Yet,
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this approach neglects the problem of equi�nality. Bayesian inference, on the other
hand, allows attributing a probability measure to each parameter set, thereby allowing
to identify the most likely parameter sets as well as the related uncertainty. Bayesian
statistics has recently increased in popularity due to increasing computing power and
its ability to bridge the gap between models and data, while adequately dealing with
uncertainty (Hartig et al., 2012; Van Oijen et al., 2005). It enables to use prior knowl-
edge in a probabilistic framework to estimate the posterior distribution of the model's
parameter values. This bridging between models and data allows making use of the
knowledge and hypotheses we have on the ecophysiology of the crop with the rela-
tively scarce data available in different environments. This is particularly important
for perennial tropical crops, where experimental trials for quantifying individual pa-
rameters for direct parameterization are very costly and time consuming and hence
very rare (Jiménez et al., 2011). Hierarchical Bayesian modelling furthermore allows
treating selected parameters as changing in space or time, which greatly increases
its utility to make the most of the data sets collected by different research groups
around the globe. A great overview of the different uses of Bayesian calibration of
process-based models is provided by Van Oijen (2017).

1.5 thesis objectives

General objectives

To conduct analysis and improve methodological frameworks for exploring adapta-
tion options of coffee production to climate change.

Speci�c objectives

Chapter 2: To analyse how farmers adapt coffee production to a range of environ-
ments mainly differing in temperature and precipitation along an altitudinal gradient
and learn how this can inform sustain-able intensi�cation.

Chapter 3: To explore adaptation strategies of coffee production to climate change
using a process-based model.

Chapter 4: To integrate coffee model parameter uncertainty and climate change
uncertainty using Bayesian calibration and Global Climate Model ensembles.
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O P P O RT U N I T I E S F O R S U S TA I N A B L E I N T E N S I F I C AT I O N O F
C O F F E E A G R O - E C O S Y S T E M S A L O N G A N A LT I T U D I N A L
G R A D I E N T O N M T. E L G O N , U G A N D A

with Theresa Liebig, Jaboury Ghazoul, Piet van Asten, Peter Läderach, Philippe Vaast, Alejan-
dra Sarmiento, Claude Garcia & Laurence Jassogne

Agriculture, Ecosystem & Environment (2008) 263:31-40

2.1 abstract

The viability of coffee farming in East Africa is endangered by multiple factors in-
cluding climate change, population pressure, low yields, and coffee price volatility.
Sustainable intensi�cation (SI) through intercropping and/or agroforestry has been
suggested to improve farmers' livelihoods, facilitate adaptation of coffee production
to climate change and contribute to biodiversity conservation.

In order to understand how sustainable intensi�cation through an ecosystem based
approach might offer opportunities to respond to changes in temperature and rain-
fall, we analyzed a variety of existing coffee agro-ecosystems that differ in vegeta-
tion structure, shade tree diversity, and socio-economic characteristics on Mt. Elgon,
Uganda along an altitudinal gradient ( 1100– 2100m.a.s.l.). We (i) compared the per-
formance of the agro-ecosystems regarding coffee yield and shade tree diversity, and
(ii) analyzed determinants of adoption of each system. Three different coffee agro-
ecosystems were identi�ed: open canopy coffee system, coffee-banana intercropping,
and coffee-tree systems, based on the vegetation structure of144coffee plots.

The vegetation structure of the analyzed coffee systems varied along the altitudi-
nal gradient. Banana density increased with increasing elevation, while shade tree
density and diversity increased with decreasing elevation. Coffee yield also increased
with increasing elevation, but this relationship varied with shade level. Coffee yields
bene�ted from shade trees at low elevation, while no yield differences among systems
were observed at mid and high elevation. Increasing water availability and reliance
on on-farm food crops with increasing elevation were identi�ed as the main determi-
nants of the increasing intercropped banana densities. High temperatures and longer
dry season in combination with reduced access to forest products at lower elevation,
appeared to be the main driver for increased adoption of coffee-tree systems. Further-
more, socio-economic status of farmers in�uenced the type of coffee system adopted;
poor farmers preferred high intercropping (either with bananas and/or shade trees)
to diversify income and reduce risks related to open systems, while wealthier farmers

21
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mainly owned open canopy coffee systems.

Climate, farm and household size, and access to forests and markets, play a crucial
role in determining what constellation of plot-level provisioning ecosystem services
bene�t farmers' livelihoods on Mt. Elgon. Our �ndings reveal inherent trade-offs in
socio-ecological conditions. Minimizing these is required for achieving the multiple
objectives of livelihood improvement, sustainable intensi�cation of coffee production,
and biodiversity conservation.

2.2 introduction

Trees in tropical agricultural systems have gained increased interest due to their poten-
tial to mitigate climate change (IPCC, 2000) and for their potential as climate change
adaptation strategy (Beer et al., 1998; Lasco et al.,2014; Lin, 2010). Additionally, there
is an increased recognition that biodiversity in tropical rural landscapes can have
high conservation value while sustaining rural livelihoods (Baudron and Giller, 2014;
Chazdon et al., 2009; Perfecto et al., 1996). The interest in trees within agricultural
areas has been accompanied by a shift in scale of analysis from the plot to farm to
landscape levels (Perfecto and Vandermeer, 2010; Sayer et al., 2013; Tittonell et al.,
2005). Yet recognition of the ecological values of trees has not necessarily been paral-
leled by landscape trajectories. Indeed, many formerly diverse coffee and cocoa agro-
forestry systems have been intensi�ed by removing shade trees and reducing shade
tree species richness in pursuit of higher yields and increased pro�tability (Garcia
et al., 2010; Jha et al.,2014; Ruf, 2011). In many tropical countries, this is further stim-
ulated by increasing global demand for tropical crops such as coffee and cocoa (FAO,
2015).

In Sub-Saharan Africa, the coffee yield gap is particularly large (Wang et al., 2015),
and coffee production in this region has attracted the attention of various national and
international agencies seeking to realize the potential for higher yields (e.g. MAAIF,
2010; USAID, 2011). Efforts invested in reducing the yield gap in a sustainable way
are, however, challenged by climate change, which is altering the environmental con-
ditions on which coffee depends (Craparo et al., 2015; Jaramillo et al., 2011; Ovalle-
Rivera et al., 2015). This is putting at risk the livelihoods of coffee farmers and is
affecting ecosystem services due to land-use change (Bunn et al.,2015b; Magrach and
Ghazoul, 2015).

In East Africa, where most of the continent's Arabica coffee ( Coffea arabicaL.) is
grown, the suitable climatic range for Arabica production is limited to highland areas,
often on steep mountain slopes bordering remnant Afromontane rainforest with high
biodiversity conservation and ecosystem service values. Climate change is expected
to further shift coffee production to higher elevation (Bunn et al., 2015b; Magrach
and Ghazoul, 2015). Adaptation to climate change will be required to sustain cof-
fee production, particularly at lower elevation, given expected rising temperatures,
changes in precipitation regimes, as well as more frequent extreme events (Vaast et
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al., 2005). Adaptation strategies include new crop varieties, shifting the location of
production, irrigation, and ecosystem-based approaches to improve system resilience
(Perfecto and Vandermeer, 2015; Schroth and Ruf, 2014; Vignola et al., 2015). Adapta-
tion strategies need to be context speci�c to take account of the environmental and
socio-economic constraints of different coffee growing regions (Giller et al., 2011).

Sustainable intensi�cation (SI) entails increasing food production from existing
farmland in ways that minimize environmental impacts and which do not under-
mine our capacity to continue producing food in the future (Garnett et al., 2013). SI
also entails other aspects of the food system, such as reducing food waste. Campbell
et al. (2014) argue that SI is a key component of climate change adaptation, which re-
quires going beyond crop yield increase to include diversi�ed farming systems, local
adaptation planning, building responsive governance systems, enhancing leadership
skill, and building asset diversity.

While there are a multitude of SI pathways in the context of climate change adap-
tation, African smallholders are often unable to bene�t from the potential yield gains
offered by improved technology due to limited investment capacity. African small-
holders are constrained by small farm sizes, lack of capital, insuf�cient inputs of
nutrients and organic matter, and limited access to markets (Harris and Orr, 2014;
Tittonell and Giller, 2013). In this context, an ecosystem-based adaptation approach is
a promising strategy towards SI and climate change adaptation.

To understand how an ecosystem-based approach might offer opportunities for
coffee farmers to respond to the expected climate change challenges, we analyzed
a variety of existing coffee agro-ecosystems that differ in vegetation structure and
socio-economic characteristics along an altitudinal gradient. We compared the agro-
ecosystems in terms of (i) coffee yield, (ii) shade tree diversity, and (iii) determinants
of adoption of each system. We discuss trade-offs between coffee productivity and
the different farm system components in the context of climate change adaptation
and farmers livelihoods.

2.3 material and methods

2.3.1 Study area

The study was conducted in three neighboring districts (Bulambuli, Sironko and Kap-
chorwa) of Mt. Elgon, Uganda, an extinct volcano on the border between Uganda and
Kenya of 4321 meters elevation (Figure 2.1). The topography of the slope is charac-
terized by two escarpments that naturally separate three elevation classes of < 1400
m.a.s.l.,1400– 1700m.a.s.l., and > 1700m.a.s.l. within the inhabited area of the moun-
tain. Local farming communities live on the foothills ( 1000m.a.s.l.) up to the protected
Mt. Elgon National Park (> 2200 m.a.s.l.), and depend heavily on this forest for con-
struction material, stems used as crop-support, and biomass for charcoal and �rewood
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(Sassen and Sheil,2013; Sassen et al.,2015; Sassen et al.,2013).

Figure 2 .1: a) Location of the study area within Uganda, Mt. Elgon area, b) Districts of
study area (Bulambuli, Sironko, Kapchorwa), c) Study site with indication of
three elevation ranges (determined by means of cluster analysis), sub-counties
and sample plots.

Soils of the study area are mainly Nitisols (FAO soil classi�cation) with presence
of phaeozems at low elevation (De Bauw et al., 2016). The climate is in�uenced by
dry north-easterly and moist south-westerly winds, resulting in less rainfall on the
north western slopes as compared to elsewhere on the mountain. A bimodal rainfall
pattern prevails, with the wettest periods during March/April to October/November,
a pronounced dry period from December to February, and a period of less intense
rainfall around July to August (Figure 2.2). The wet season is prolonged on higher
elevation compared to lowlands. Mean annual rainfall ranges from 1200mm at low
elevation (1000m.a.s.l.) to 1400mm at mid elevation ( 1500m.a.s.l.) and 1800mm at
high elevation ( 2000m.a.s.l.). The mean annual temperatures are23°C, 21°C and 18°C,
respectively (Hijmans et al., 2005).

2.3.2 Plot selection

The selection of farmers followed a strati�ed random sampling approach. For each
of the three elevation ranges and within the three selected districts, the existing sub-
counties were listed in spread sheets with random numbers assigned to each sub-
county. The �rst two sub-counties were selected within each elevation range, resulting
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Figure 2 .2: Climate diagrams of a) low ( 1100- 1400m.a.s.l.), b) mid (1400-1700m.a.s.l.), and
c) high elevation (1700-2100m.a.s.l.) based on WorldClim database (Hijmans et
al., 2005)

in 6 sub-counties. The same procedure was repeated within each of the sub-counties
to select parishes and �nally farmers. A total of 300coffee farmers (50 per sub-county)
were invited for Participatory Rural Appraisals (PRA). These were organized in the
six selected sub-counties and were conducted in April 2014 in order to introduce
the project's objectives and activities to the participating communities and to acquire
insights on existing agro-ecosystems and farmer perceptions of limiting factors for
coffee yield. Applied tools included rankings, seasonal calendars and focus group dis-
cussions (FAO,1999). For the classi�cation of existing coffee agro-ecosystems, a subset
of 150farmers of the previous PRA list was selected following the sampling procedure
described above (random selection strati�ed by elevation and sub-counties), but ad-
ditionally taking into account farmer information on agro-ecosystems. This enabled
us to come up with a more balanced representation of coffee systems along the alti-
tudinal transect. One plot for each of the selected farmers was chosen to collect plot
scale descriptors of vegetation structure relevant for deriving coffee agro-ecosystem
typologies. Plots were selected according to a set of criteria: 1) a maximum of 1 km
distance from the homestead, 2) a minimum of 80 coffee bushes per plot and 3) the
age of coffee trees must be above4 years.

2.3.3 Data collection

During the months of April and May 2014, vegetation structure was measured on the
150selected plots. The elevation and plot boundary coordinates were recorded using
Garmin eTrex GPS. Plot size was calculated based on plot boundary coordinates in R
Statistics (R Core Team,2014) using the sp package (Pebesma and Bivand,2005). The
number of coffee trees, banana mats and stems, and shade trees were counted on the
entire plot and densities (in number per ha) were calculated. Shade tree species were
identi�ed and the number of species per plot recorded. The canopy closure as an indi-
cator for average plot-level shade was estimated using a Forestry Suppliers spherical
crown densiometer (convex model A) according to Lemmon ( 1957) at four positions
within the plot.

Coffee yields were obtained through farmer recall per plot of the various harvests
of the year and provided as coffee cherries or parchment, which was then converted
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into green been. The cumulative annual production was divided by the plot size and
number of coffee trees to obtain green bean yield per hectare and green bean yield
per coffee tree, respectively. The recall data was obtained using triangulation ques-
tions by an experienced local team, which proved to be successful in previous studies
(Van Asten et al., 2011b; Wang et al., 2015). This allows a wide coverage of yield data.
Data on age of the coffee trees, coffee management, and livelihood characteristics
were obtained through structured farmer interviews during farm visits. Outliers were
identi�ed using box-plots and dotcharts. Coffee management indices (fertilizer index,
pest and disease control index, weeding index, overall management index) were made
by summing the standardized values of the amount of applied fertilizers, insecticides,
fungicides, herbicides, and the frequency of mechanical weeding. Data from six farm-
ers had to be rejected because of unreliable or missing data on either plot size or
vegetation structure, resulting in 144farmers (44-45 per elevation range).

2.3.4 Data analysis

2.3.4.1 Typology of coffee agro-ecosystems

Data analysis was done using R statistics (R Core Team,2014). The typology of cof-
fee agro-ecosystems was based on variables related to vegetation structure using the
remaining sample of 144coffee plots. Variables were shade tree and banana densities
per unit area, shade tree species diversity, and canopy closure. K-means clustering
was performed with standardized data to minimize the effect of scale differences.
The variables were compared between the resulting coffee systems using the one-way
ANOVA with Tukey's post hoc test.

2.3.4.2 Coffee yield

Generalized linear regression models were used to determine the effect of vegetation
structure, elevation, management variables (fertilizer use, pest and disease control,
and weeding) and Arabica variety on coffee yield. Coffee varieties could only be
determined for 96 of the selected plots. Therefore the regression analysis on yield,
was performed using only these 96 plots. We used a generalized linear model (GLM)
based on a Gamma distribution and log link. The Gamma distribution accounts for the
strictly positive data of coffee yield and allowed to meet all assumptions of normality
of residuals and homogeneity. Most farmers (i.e. 61) used the traditional Bugisu vari-
ety, which is also known as Nyasa or Typica (Willson, 1985). Several other varieties (i.e.
SL14, Catimor, Ruiru 11, SL28) were less prevalent (35) and had to be aggregated into
a class termed “non-Bugisu” varieties. These two classes (i.e. Bugisu and non-Bugisu)
of Arabica coffee varieties were equally distributed along the altitudinal gradient and
shade levels. Collinearity among independent variables was identi�ed by means of
the variance in�ation factor (Fox and Weisberg, 2011). Stepwise elimination was done
in a two way procedure; �rst by eliminating independent variables with variance in-
�ation factors higher than three, followed by identifying model with lowest Akaike
Information Criterion.
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2.3.4.3 Shade tree species diversity

Comparison of tree species diversity between coffee systems was done by using
species accumulation curves, and Shannon and inverse-Simpson diversity indices.
Rènyi diversity pro�les were plotted to examine if farm categories and elevation
ranges could be ranked from low to high diversity. Species accumulation curves were
calculated with the BiodiversityR package (Kindt and Coe, 2005). Native tree species
were de�ned based on the potential natural vegetation types of the study area (Van
Breugel et al., 2014). The potential natural vegetation of the study area is Afromon-
tane rain forest in the high elevation area and dry and moist Combretum wooded
grassland subtype at low and mid elevation areas.

2.3.4.4 Determinants of adoption of different coffee agro-ecosystems

The determinants of intercropping bananas and shade trees were estimated using
zero-altered negative binomial models (ZANB) to cope with an overabundance of
zeros (Zuur et al., 2009). This approach allows to �rst differentiate factors in�uencing
whether banana or shade trees are part of the system (presence/absence) by using
binomial GLM and then identify factors that in�uence the density of banana and
shade trees by using zero-truncated negative binomial GLM. Analysis was done with
the “pscl” R package (Zeileis et al., 2008). Additionally, we used multinomial logistic
regression with nnet R package (Venables and Ripley, 2002) to identify determinants
of adoption of the coffee systems as identi�ed by the cluster analysis described in
section 2.4.1. We tested possible explanatory variables that might in�uence decision
making (Ojiem et al., 2006), classi�ed as socio-economic, social network, consequences
and expectations, and contextual factors (Table 2.1).

2.4 results

2.4.1 Coffee agro-ecosystem classi�cation of Mt. Elgon, Uganda

Three distinct coffee agro-ecosystems were identi�ed by K-means clustering, namely
a sparsely shaded open canopy coffee system (CO), a coffee system with high banana
densities (CB), and a highly tree shaded coffee system (CT) (Table2.2). Vegetation
structure of the coffee systems also showed a clear relationship with elevation. Ba-
nana density was signi�cantly higher at mid and high elevation compared to low
elevation (one-way ANOVA with Tukey post-hoc test, p< 0.05), while shade tree den-
sity, shade tree species richness and canopy cover were signi�cantly higher at low
elevation compared to mid and high elevation (one-way ANOVA with Tukey post-
hoc test, p<0.05). Due to these spatial differences in banana and shade tree densities,
a signi�cant associa-tion between the coffee agro-ecosystem typologies and the ele-
vation ranges was found (X 2, p < 0.001). Most plots assigned to the CT system were
found to be situated at lower elevation between 1000– 1400m.a.s.l., while more CB
and CO systems were present at mid to high elevation between 1400 – 2200 m.a.s.l.
Only few CB systems were found at low elevation.
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Table 2 .1: Candidate predictors as likely determinants for adoption

Adoption factors Variable Description

Socio-economic Gender Value1 if gender of household head is male

Age Age of household head (years)

Education Highest eduction level of household head

Wealth Number of Tropical Livestock Units (TLU)

Coffee importance Total number of plots

Family size and age Number of family members above 16 years divided
by total number of family members

Social network Member of cooperative Yes or no

Extension service How often the farmer has been visited by extension
service

Certi�cation Yes or no

Access to borrow money Yes or no

Consequences
and expectations,
i.e. farmers'
perceptions

Positive effects of inter-
cropping

Coffee quality, soil fertility, weeds, wind break,
P&D control, timber, humidity, food, fodder, ero-
sion control

Negative effects of inter-
cropping

Reduced productivity, host for P&D, increased
workload, physical damage, more external inputs
required, takes too long to grow, competition for
nutrients

Contextual
factors

Elevation Low, mid, high

Slope Flat (<10%), steep (>=10%)

Aspect N, E, S, W

Plot-history Land-use before converted to coffee plot

Year converted to coffee plot

Distance between home-
stead and plot

Distance in meters
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Table 2 .2: Vegetation structure of coffee production systems with means and standard errors

Coffee open canopy Coffee-banana Coffee-tree

n = 54 n = 44 n = 46

Coffee density (plants ha-1) 2255a � 125 2094a � 127 2095a � 112

Banana density (mats ha-1) 29a � 17 1496b � 105 278c � 82

Shade tree density (trees ha-1 63a � 6 49a � 6 146b � 16

Shade tree species richness 2.8a � 0.2 2.7a � 0.2 6b � 0.4

Shade (%) 21a � 1.4 28b � 1.4 48c 2

Low elevation Mid elevation High elevation

n = 57 n = 40 n = 47

Coffee density (plants ha-1) 2115a � 113 2285a � 128 2093a � 127

Banana density (mats ha-1) 283a � 71 687b � 145 778b � 131

Shade tree density (trees ha-1 115a � 13 78b � 11 53b � 6.6

Shade tree species richness 5.2a � 0.4 3.0b � 0.3 2.8b � 0.2

Shade (%) 41a � 2.3 28b � 1.7 24b 1.8
Means with different letters indicate signi�cant differences (one-way ANOVA, with Tukey post-hoc
test, p<0.05)

2.4.2 Coffee yield

A three way interaction between elevation, shade level and genotype best explained
the variability of the coffee yield data (Table 2.3). Yield was signi�cantly affected by
genotype and planting density ( p<0.01), as well as elevation, and fertilizer use inten-
sity (p<0.05). A signi�cant ( p<0.01) interaction between the coffee variety categories
and shade was found. On the contrary, the interaction between elevation and shade
level was only signi�cant ( p<0.05) when accounting for the variable responses among
genotypes. Banana and/or shade tree density did not affect coffee yield and were
excluded from the model. Pest and disease control and weeding did not affect coffee
yield either and were also excluded from the model.

Figure 2.3 shows the predicted relationships between yield and each of the inde-
pendent variables based on the �tted Gamma GLM. Yield values of both analyzed
coffee variety categories increase with elevation, whereby the traditional Bugisu va-
riety has on average lower yields than the non-Bugisu varieties (Figure 2.3a). Yield
increases with elevation, irrespective of fertilizer use intensity, but the yield response
to fertilizer use intensity slightly increases with elevation (Figure 2.3b). The response
seems to be very similar for both coffee variety categories (Figure 2.3e). The increase
in yield with increasing elevation differs among the shade levels of the three coffee
agro-ecosystems. Shade cover as found in the CT systems, appears to be more bene�-
cial at low elevation, while low shade cover as found in CO and CB systems appears
to be more bene�cial at high elevation (Figure 2.3c). The shade response is genotype
speci�c, with the traditional Bugisu variety responding positively to shade, yet the
non-Bugisu category shows highest mean yield values with low shade cover (Figure
2.3d). All coffee varieties have a similar positive response to increased planting density
(Figure 2.3f).
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Table 2 .3: Effects of elevation, fertilizer index, planting density, shade level and genotype
on coffee yield based on gamma distributed GLM with log link

Estimate Std. error t-value

Intercept 2.1 1.3 1.6

Elevation [m.a.s.l.] 0.0023* 0.009 2.5

Fertilizer index [-] 0.6* 0.025 2.6

Coffee density [bushes ha-1] 0.00027** 0.00009 3.1

Shade (%) 0.06. 0.003 1.8

Other genotypes 5.0** 1.8 2.8

Elevation : Other genotypes -0.003* 0.0012 -2.3

Elevation : Shade -0.00003 0.00002 -1.5

Other genotypes : Shade -0.1** 0.04 -2.7

Elevation : Other genotypes : Shade 0.0007* 0.00003 2.2

Null deviance is 51.6 on 90 degrees of freedom

The residual deviance is 33.7 on 77 degrees of freedom

Signi�cance: .10%, *5%, **1%

2.4.3 Tree species richness

The total tree species richness found on the coffee plots was37 with 69% of the tree
species being indigenous to the area. The indigenous Cordia africanaand Ficus spp.
(mainly F. natalensisand F. sur) accounted for 50% of tree abundance (Table S2.1). Tak-
ing into account the difference in sampled area by using tree species accumulation
curves, tree species richness was signi�cantly higher in CT systems compared to the
other systems (Figure S2.2). No signi�cant difference was found between CO and CB.
In the sparsely shaded CO coffee systems,66% of the 23 tree species were indigenous.
In CB systems,69.5% of the 22 tree species were indigenous, while in the CT systems,
70% of the 29 tree species were indigenous. Cordia africanawas the dominant tree
species in CO and CB systems with 35% and 24% average occurrence, respectively,
while the Ficusspp. were the dominant shade trees in CT systems. The Rény diversity
pro�les ( ??) indicated highest diversity in CT systems followed by CB and CO sys-
tems. Plots at low elevation had highest tree species diversity but no difference was
found between plots at mid and high elevations, since their diversity pro�les intersect.
Species were not evenly distributed in any of the coffee systems nor at any of the ele-
vation ranges. The Shannon and the inverse Simpson indices (Table2.4) of tree species
diversity reveal that highest diversity was found at low elevation, corresponding to
the prevalence of CT systems. At high elevation, diversity was highest in CB systems.
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Figure 2 .3: Predicted relationship between yield and each of the independent variables
based on the �tted Gamma GLM. Average values were used for variables not
displayed in the plots. Line types refer to mean predicted yield and grey ar-
eas refer to the standard error. A) Relationship between yield and elevation of
different coffee cultivars. B) Relationship between yield and elevation for differ-
ent intensities of fertilizer application for Bugisu variety. C) Differences between
yield response to elevation of the coffee systems' shade levels (CO = coffee open
canopy, CB = coffee banana, CT = coffee tree) for Bugisu variety. D) Yield re-
sponses of genotypes to shade. E) Yield responses of genotypes to fertilizer use
intensity. F) Yield responses of genotypes to planting density.
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2.4.4 Determinants of coffee agro-ecosystem adoption

Spearman's correlation matrix (Table S2.2) indicated that the size of the sampled coffee
plots was positively correlated ( p<0.01) with tropical livestock unit per farm ( r=0.42),
the number of plots owned by the farmer ( r=0.43), the fraction of hired labor ( r=0.22),
and (p<0.05) the distance of the plot from the home ( r=0.2). The number of plots
owned by a farmer was positively ( p<0.01) corre-lated with the number of house-
hold members (r=0.23), and (p<0.05) tropical livestock units ( r=0.19). Elevation was
positively ( p<0.01) correlated with plot age ( r=0.27) and the fraction of hired labor
(r=0.22). The frequency a farmer met with extension service was positively ( p<0.01)
correlated with access to credit (r=0.25).

The ZANB models (Table S2.3) indicated that the presence of bananas in a coffee
plot was positively related to elevation ( 1.8, p<0.001) and plot age (0.9, p=0.05), with a
negative interaction among these two variables (- 0.1, p=0.047) (Table S2.3). This means
that the higher the elevation, the lower is the effect of `plot age' on the odds of a farmer
intercropping coffee with banana. Furthermore, the planting density of bananas was
negatively related to the number of coffee plots the farmers owned (- 0.05, p=0.023) and
the plot size (-0.76, p<0.001). The presence of shade trees (Table S2.3) was negatively
related with the frequency at which a farmer exchanged with an extension of�cer (- 0.5,
p=0.037). On the other hand, the shade tree density was negatively related to elevation
(-0.26, p<0.001), plot size (-4.6, p<0.001) and whether the farmer had access to borrow
money (-0.3, p=0.01). Finally, Table 2.5 shows the results of the multinomial logistic
regression, which indicates that elevation and number of coffee plots had signi�cant
effects on coffee system adoption. The fewer the number of coffee plots a farmer had,
the higher the odds the farmer intercropped coffee with bananas and/or shade trees.
Again, the odds a farmer had a CB system increased with elevation, while the odds a
farmer had a CT system decreased with elevation.

2.5 discussion

Many of the studied variables co-varied with elevation. It is important to note, that
elevation is not only a proxy for climate, but also relates to the distance to urban
markets and forests. Furthermore, population density might change along the alti-
tudinal gradient, but we lack the data to quantify this. It is dif�cult, therefore, to
clearly identify causality and many of these variables partially in�uence the observed
spatial pattern of the farming systems. We structured the discussion as follows: We
�rst discuss climate induced constraints driving vegetation structure and then focus
on the socio-economic constraints. We proceed with the implications for tree species
diversity conservation and recommendations on sustainable intensi�cation of coffee
production.
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Table 2 .5: Estimates for adoption of coffee system type by multinomial logistic regression

Variables b Std. error z-value Prob>z

Coffee-bananaa
Intercept -1.103 0.002 -693.6 0.000

Elevation [m.a.s.l.] 0.001 0.0002 4.4 1.25e-05

No. of coffee plots -0.164 0.08 -2.0 0.044

Coffee-treeb
Intercept 4.833 0.002 2418 0.000

Elevation [m.a.s.l.] -0.003 0.0002 -12.5 0.000

No. of coffee plots -0.159 0.08 -2.1 0.038

Coffee-treeb
Intercept 5.935 0.003 2010.5 0.000

Elevation [m.a.s.l.] -0.004 0.0003 -15.1 0.000

No. of coffee plots 0.005 0.097 0.1 0.958

Signi�cance: *10%, **5%, ***1%
a The reference category is coffee open canopy
b The reference category is coffee-banana

2.5.1 Climate induced constraints driving vegetation structure

The presented data provide convincing indications of ecosystem-based adaptation
to elevation-induced differences in mean temperature and precipitation. At low ele-
vation, where higher temperatures and increased drought stress prevail, we found
increased shade levels of a diversity of tree species. On the other hand, intercropping
bananas at high densities (CB systems) under these conditions was much less preva-
lent, which might be in�uenced by water constraints induced by warmer temperature
and higher evapotranspiration potential but lower annual rainfall regime. By contrast,
the increased intercropped banana densities found at higher elevation might be a re-
sponse to the higher annual rainfall regime. This indicates that intercropped banana
densities have to be adjusted to water availability to reduce possible water competi-
tion (Van Asten et al., 2011a; Van Asten et al., 2011b). We did not �nd any indications
that the adoption of CO systems were related to environmental conditions, on the
contrary, socio-economic factors appeared more important (see section 4.2).

When accounting for differences in management intensity and planting density
with the Gamma GLM, we found that 50% shade as provided on average by CT sys-
tems, bene�ts coffee yield at low elevation, particularly in the case of the traditional
Bugisu variety. This con�rms previous �ndings that shade bene�ts coffee production
under suboptimal conditions (e.g. Beer et al., 1998; Vaast et al., 2008). When not ac-
counting for elevation, we found no signi�cant differences in coffee yield among the
coffee systems, which is in agreement with previous studies conducted in the area
(Van Asten et al., 2011b; Van Rikxoort et al., 2013). Coffee yield tended to increase
with elevation, while this relationship is likely stronger or weaker depending on a
dry or wet year, respectively.
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The GLM also indicated different responses among genotypes, with the traditional
Bugisu coffee variety bene�tting from increasing shade, while the pool of “non-Bugisu”
varieties appeared to yield higher on average under low shade. Because the “non-
Bugisu” varieties are a mixture of coffee cultivars, pooled together due to low indi-
vidual sample sizes, the found relationships cannot be attributed to any particular
cultivar. The Bugisu variety is the �rst Arabica variety that has been introduced into
Mt. Elgon around 1912 (Sassen et al.,2013; Willson, 1985), while all other varieties
stem from intentional selection on research stations aiming at increased productivity
and/or pest and disease resistance. It is well known that the traditional coffee vari-
eties of Typica descent (i.e. Bugisu) respond well to shade, mainly due to a less dense
canopy architecture which is more exposed to atmospheric temperature and humid-
ity (Tausend et al., 2000). Some of the more modern non-Bugisu varieties (i.e. Catimor,
Ruiru 11), however, are dwarf shaped and have more dense canopy with high self-
shading, thereby they often grow well with less shade (Montagnon et al., 2012).

While pest and disease control and weeding did not affect coffee yield, fertilizer use
intensity generally increased coffee yield. Liebig et al. ( 2016) illustrated the complex
dynamics of pests and diseases and their relationship with environmental conditions
and therefore elevation and vegetation structure in our study area. They showed that
pest and disease control is often inadequately practiced, often by using the wrong
agro-chemicals or not applying any control at all. It is likely, therefore, that this ex-
plains why our analysis did not �nd pest and disease control to affect yield. The rela-
tively low relationship between fertilizer use intensity and yield, may likewise be due
to generally low and/or inadequate application. Furthermore, it has been reported
that fake agro-chemicals are often sold on the market (Liebig et al., 2016), acerbating
this problem greatly. Clearly, adequate plant management is crucial for sustainable in-
tensi�cation and climate change adaptation, as healthier plants can better withstand
abiotic and biotic stresses (Bertrand et al., 2016). The generally low management in-
tensity could also be due to higher priority setting for other crops, mainly food crops,
or activities that ful�ll more immediate needs and provide more short-term bene�ts
to farmers and their households.

2.5.2 Socio-economic constraints driving vegetation structure

Next to biophysical factors, socio-economic aspects additionally determine which cof-
fee systems are preferred by farmers. Livelihood constraints, such as issues around
food security and diversi�cation needs (farm size, household size, access to markets
and forests, etc.), production constraints (coffee management knowledge, labor, access
to inputs, credit, etc.) and objectives (e.g. importance of coffee as livelihood strategy)
in�uence farmers' choices related to coffee plot vegetation management (Oduol and
Aluma, 1990).

Our data indicated that elevation, plot age, and whether bananas were planted on
other plots of the farm in�uenced farmer's decision to intercrop bananas within the
coffee systems. There was a tendency of increased banana planting density when
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farmers had fewer numbers of coffee plots and smaller plot sizes. Most farmers had
at least one shade tree within their plot, yet the few ones that had none, had met
more frequently with extension agents. Shade tree density appeared to be related with
smaller plot size and lack of access to credit. Therefore, it seems that monocrop coffee
systems with little to no intercropping of bananas or shade trees are only possible
when farm size exceeds household food needs resulting in a `land surplus' rather than
a `land gap' (Hengsdijk et al., 2014). This implies that self-suf�ciency and elevation
are the primary drivers in decision making regarding coffee plot vegetation structure.
This is corroborated by the �ndings of Sassen et al. ( 2015), who found that the most
populated areas on Mt. Elgon were also the ones with highest tree densities.

2.5.3 Implications for tree species diversity conservation

Tree diversity and abundance on coffee plots decreased with increasing elevation and
socio-economic status of farmers, while the total area cultivated with coffee increased
with elevation. At mid to high elevations, higher yields were generally found on plots
with lower shade cover and species richness. This suggests that increased tree species
conservation through SI may be a challenge in these areas (Boreux et al.,2013; Carsan
et al., 2013; Garcia et al., 2010). This could change as shade likely becomes more im-
portant at higher elevation due to climate change (Bunn et al., 2015a). Incentives for
promoting tree diversity and abundance within the agricultural area of Mt. Elgon
need to account for the socio-economic heterogeneity of farmers' livelihoods (Giller et
al., 2011; Vignola et al., 2015). Based on the historically contested relationship between
the Mt. Elgon National Park and the rural communities living at its border (Cavanagh
and Benjaminsen, 2014), we see strong necessity and potential for collaboration. In-
stead of only focusing on protecting the remnant forest, measures could conserve
biodiversity within the agricultural area where synergies with coffee production and
farmers' livelihoods are met (Baudron and Giller, 2014). This could also include other
ecosystem services provided by trees, such as their potential contribution to landslide
prevention (Kobayashi and Mori, 2017; Vaast et al.,2004). Intensive rainfall has already
resulted in numerous landslides on the mountain slopes and �oods on the foothills
resulting in hundreds of deaths (Claessens et al., 2007; Knapen et al., 2006; Mugagga
et al., 2012). Ideally, initiatives to strengthen ecosystems services should be integrated
with work already conducted by local coffee certi�cation bodies and actors focusing
on biodiversity conservation and climate change adaptation.

2.5.4 Sustainable intensi�cation of coffee production in the face of climate change

This study indicates that under current management and yield levels, most farmers
practising CO systems could bene�t from intercropping more bananas and/or shade
trees due to the non-signi�cant differences in coffee yield while gaining additional
bene�ts of fruits, �rewood, timber, and mulch provided by bananas and shade trees.
This is in agreement with an earlier study where coffee-banana intercropping has been
identi�ed as more pro�table compared to mono-cropping of either coffee or banana
on Mt. Elgon (Van Asten et al., 2011b). Yet we have no data on �nancial pro�tability to
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Table 2 .6: Management recomendations based on socio-ecological context

Agro-ecological context: Climate x soil x landscape

aec1, aec2, aec3, . . . , aeci
Socio-economic context: Farm size, age of farmer, gender, household size, wealth, objectives, etc.

sec1, sec2, sec3, . . . , seci
Socio-ecological context: aeci x aeci Management recomendations

con�rm whether this also holds true for coffee-tree systems. But, �nancial pro�tability
and cost-ef�ciency has been found to often be higher in shaded systems (Jezeer et al.,
2017). Additional knowledge is required on what tree species and densities would
enable this to happen, by considering farmers' preferences (Van der Wolf et al., 2016)
and the bene�ts of these tree species for coffee and other ecosystem services (Cerda
et al., 2017; Vaast et al., 2015). CO systems could potentially outperform CB and CT
systems at least in terms of coffee yield, if planting densities were increased using
modern dwarf varieties, substantially higher nutrient inputs were applied and if pest
and disease control were improved. But this could also lead to negative environmen-
tal externalities, increased exposure to risks and would not necessarily lead to higher
pro�tability (Beer et al., 1998; Jezeer et al.,2017). The CO systems in this study area
tended to be owned by wealthier families (more farmland, smaller household size),
yet their management was still suboptimal with yields far below the intensi�ed sys-
tems in Latin America (> 3 t ha-1). In the East African context, high input systems in
smallholder contexts are rare (Tittonell and Giller, 2013). This suggests that unshaded
systems are less appropriate for the majority of East African smallholder farmers if
not accompanied by adequate management supported by access to credit, knowledge
and external inputs. It remains to be shown whether the environmental conditions
of Mt. Elgon allow for non-shaded systems to outperform shaded systems' yield and
achieve higher pro�tability.

This study shows the inherent dif�culty in applying SI, as what is interpreted as
bene�cial for one stakeholder (e.g. farmer) might not always hold true for another
(e.g. coffee sector, biodiversity conservation). Understanding the relationships and
trade-offs between coffee yield increase, farmers' livelihoods, and biodiversity conser-
vation is therefore crucial for effective implementation of SI. Furthermore, different
pathways that lead to yield increases have different impacts on biodiversity and re-
lated ecosystem services (Tscharntke et al.,2012). Learning from past successes and
failures of intensi�cation pathways from other regions (e.g. Boreux et al., 2013; Garcia
et al., 2010; Vignola et al., 2015) with consideration of their costs related to farmers'
livelihoods and ecosystem services can contribute to improved SI models. To achieve
SI, best-�t management practices have to be tailored according to the socio-economic
aspects of the farming system and their environmental context (Table 2.6; Coe et al.,
2014; Giller et al., 2011; Lescourret et al., 2015; Ojiem et al., 2006; Tittonell et al., 2011).
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2.6 conclusions

This study investigated the potential for ecosystem-based adaptation to climate change
along the slopes of Mt. Elgon, Uganda as a means toward sustainable intensi�cation.
Our results suggest that smallholder coffee systems bene�t from intercropping, but
that the choice of intercrop type is highly dependent on the socio-ecological condi-
tions. While the attained yield increases with elevation, the bene�t of shade decreases
with elevation. Traditional coffee varieties respond more positively to shade compared
to more modern varieties. Climate in�uenced farmers' choice of coffee management
system. While high rainfall amounts at high elevation allow for intercropping high
banana densities, the higher shade tree densities and diversity at low elevation are a
likely response to the warmer temperature and higher drought stress. Climatic factors,
socio-economic conditions and landscape setting, such as access to forest and markets,
drive the relative bene�ts of different intercrops.

Tree species conservation within coffee plots was highest further away from the
protected forest, where land-use is dominated by annual crops and tree cover outside
the coffee plots is generally lowest. Management of vegetation structure tailored to
the heterogeneous socio-ecological contexts demands appropriate tools which will be
crucial for meeting the multiple objectives placed on coffee landscapes. This study
contributes to conceptualizing the requirements of such tools. There is still signi�cant
scope for sustainable intensi�cation of coffee on Mt. Elgon, and improved stakeholder
engagement, access to knowledge and inputs, and improved insights in the stake-
holder and ecosystems synergies and trade-offs will be key. Translating the �ndings
of studies such as these into practical guidelines for private and public actors will be
required to achieve the multiple objectives of improving livelihoods, enhancing coffee
export, and increasing ecosystems resilience.
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2.7 supplementary

Yield

Figure S2.1: Spearman's correlation matrix of candidate yield determinants. Non-signi�cant
(p<0.01) correlations are crossed out. Soil nutrient concentrations and soil pH
were strongly correlated with elevation and did not contribute to improve the
regression models. Therefore, they were excluded in the manuscript.
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Figure S2.2: Tree species accumulation curves with con�dence intervals for a) coffee-tree
(CT), coffee-banana (CB), and coffee open sun systems (CO) and b) low, mid,
and high elevation.

Figure S2.3: Rény diversity pro�les for a) the coffee systems and b) the elevation ranges.
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Table S2.3: Effects of elevation and socio-economic variables on banana and shade tree den-
sities of coffee systems, estimated using zero-altered negative binomial (ZANB)
models.

Response: banana density [bananas ha-1]

Count model coef�cients (truncated negbin with log link):

Estimate Std. error z-Value p-Value

Intercept 7.4 0.09 82.1 <23-16

No. of coffee plots owned - 0.05 0.02 -2.3 0.023

Plot area [ha] -0.76 0.21 -3.6 0.0003

Log(theta) 2.43 0.22 11.2 <2e-16

Zero hurdle model coef�cients (binomial with log link):

Intercept -44.3 12.5 -3.5 0.0004

Log(elevation) 6.2 1.7 3.6 0.0003

Plot age (time since conversion to coffee) 0.9 0.5 2.0 0.05

Are other plots for bananas available?1 -1.9 0.9 -2.1 0.03

Log(elevation) : Plot age -0.1 0.06 -2.0 0.047

Response: shade tree density [shade trees ha-1]

Count model coef�cients (truncated negbin with log link):

Intercept 15.0 2.2 6.9 6.05e-12

Log(elevation) -1.3 0.3 -4.5 6.84e-06

Plot area [ha] -4.6 0.7 -6.6 3.86e-11

Access to credit 1 -0.3 0.1 -2.6 0.01

Log(theta) 0.8 0.1 5.9 4.15e-09

Zero hurdle model coef�cients (binomial with log link):

Intercept 3.4 0.6 6.1 1.13e-09

Frequency met with extension of�cer - 0.5 0.2 -2.1 0.037
1The reference category is "no"



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 50 — #63
i

i

i

i

i

i

3
E X P L O R I N G A D A P TAT I O N S T R AT E G I E S O F C O F F E E
P R O D U C T I O N T O C L I M AT E C H A N G E U S I N G A
P R O C E S S - B A S E D M O D E L

with Philippe Vaast, Peter Läderach, Piet van Asten, Laurence Jassogne & Jaboury Ghazoul

Ecological Modelling (2018) 371:76-89

3.1 abstract

The response of coffee (Coffea arabicaL.) agronomical performance to changes in cli-
mate and atmospheric carbon dioxide concentration ([CO 2]) is uncertain. Improving
our understanding of potential responses of the coffee plant to these changes while
taking into consideration agricultural management is required for identifying best-bet
adaptation strategies. A mechanistic crop modeling approach enables the inclusion of
a wide range of prior knowledge and an evaluation of assumptions. We adapt a model
by connecting it to spatially variable soil and climate data, by which we are able to
calculate yield of rain-fed coffee on a daily time-step. The model takes account of
variation in microclimate and water use as in�uenced by shade trees. The approach
is exempli�ed at two East African sites with distinctly different climates (Mt. Elgon,
Uganda, and Mt. Kilimanjaro, Tanzania) using a global sensitivity analysis for eval-
uation of model behavior and prior parameter uncertainty assessment. We use the
climate scenario driven by the Hadley Global Environment Model 2 representative
for the year 2050 to discuss potential responses of the coffee plant to interactions
of elevated [CO2], temperature, and water availability. We subsequently explore the
potential for adaptation to this scenario through shade management. The results indi-
cate that under current climatic conditions optimal shade cover at low elevations ( 1000
m.a.s.l.) is 50%, provided soil water storage capacity is suf�cient, enabling a 13.5% in-
crease in coffee yield compared to unshaded systems. Coffee plants are expected to be
severely impacted (ranging from 18% to 32% coffee yield reductions) at low elevations
by increased temperature (+2.5°C) and drought stress when no elevated [CO 2] is as-
sumed. Water competition between coffee and shade trees are projected to be a severe
limitation in the future, requiring careful selection of appropriate shade tree species
or the adoption of other technologies like water conservation measures or irrigation.
The [CO2]-fertilization effect could potentially mitigate the negative effect of temper-
ature increase and drought stress up to 13-21% depending on site conditions and
will increase yield at higher elevation. High uncertainty remains regarding impacts
of climate change on �owering. The present model allows for estimating the optimal
shade level along environmental gradients now and in the future. Overall, it shows
that shade proves to be an important adaptation strategy, but this requires improved

50
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understanding regarding site-speci�c management and selection of tree species. More-
over, we do not yet include climate change uncertainty.

3.2 introduction

Coffee is cultivated in over 70 countries throughout the tropics with approximately
60% of the production being Coffea arabicaL. (Arabica coffee) and 40% being Coffea
canephoraPierre ex Froehner, syn. Coffea robusta(Robusta coffee) (FAO, 2015). Over
70% of the world's coffee is produced by smallholders managing less than 10 hectares
of land (Fridell, 2014). Climate change is expected to have substantial impacts on suit-
able areas for coffee (C. arabica) cultivation (Bunn et al., 2015a; Magrach and Ghazoul,
2015; Ovalle-Rivera et al., 2015), pests and diseases pressure (Jaramillo et al.,2011;
Magrach and Ghazoul, 2015) and genetic resources (Davis et al.,2012), thereby likely
changing the agro-ecological zones most suitable for coffee production (Bunn et al.,
2015b). Agroforestry systems can both contribute to climate change mitigation while
potentially enabling adaptation to climatic changes (Matocha et al., 2012; Mbow et al.,
2014; Vaast et al.,2016).

Due to the perennial nature of coffee with an economic lifespan typically up to
30 years (Wintgens, 2004) and the long time required for agroforestry trees to grow
to maturity, decisions regarding adaptation to climate change are challenging. There-
fore, there is an urgent need for decision support consisting of accurate estimates of
climatic suitability for coffee production and the in�uence of modi�ed microclimate
by shade trees, including competition effects (Luedeling et al., 2014). Where long his-
torical records of coffee performance, weather and soil conditions are available, this is
a relatively easy task, but the majority of coffee growing areas lack such data (Luedel-
ing et al., 2014). Statistical species distribution modelling approaches (Bunn et al.,
2015a; Magrach and Ghazoul, 2015; Schroth et al.,2009) or agro-climatic indices (Lane
and Jarvis, 2007) have instead been used. These methods are suitable for character-
izing broad agro-ecological zones (Bunn et al., 2015b) and generating hypotheses on
the suitable climatic conditions for coffee, but they lack a mechanistic process rep-
resentation required to predict crop response outside the current growing domain,
including the carbon fertilization effect (CFE) induced by rising atmospheric carbon
dioxide concentration ([CO 2]). Furthermore, while the above studies have analyzed
geographical shifts in coffee suitability, indicating a decrease of available area in the
future, they did neither include phenotypic responses of the coffee plant (Nicotra et
al., 2010) nor management practices allowing for adaptation to climate change, such
as shade management, irrigation, or changes in coffee genotypes (Vaast et al.,2016).

Mechanistic crop models are more appropriate in generating realistic simulations
of plant-soil-climate interactions. Moreover, they facilitate learning through hypoth-
esis testing and identi�cation of missing knowledge (Boote et al., 2010; Sinclair and
Seligman, 1996), which enables guidance for management action (Harfoot et al., 2014).
However, applying such models without suf�cient data for calibration, results in large
uncertainties of model predictions, next to existing uncertainties in model structure



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 52 — #65
i

i

i

i

i

i

3.2 introduction 52

(Beven et al.,2008; Luedeling et al., 2016). The latter is often not identi�able by compar-
ing model outputs with observations alone, as many models can be �tted to the same
data leading to the problem of equi�nality (Beven and Freer, 2001). Model compari-
son and critical re�ection of assumptions is considered more appropriate (De Kauwe
et al., 2014).

Most of the parameters in a crop model are considered “genetic coef�cients”, and
do not have to be adjusted when applied at different sites (Yin et al., 2004). Yet, some
parameters encompass limited process understanding and require calibration when
the model is applied to different sites. These include parameters related to the induc-
tion of �owering in coffee(Rodríguez et al., 2011; Van Oijen et al., 2010b). Another
aspect related to parameter values is phenotypic plasticity, i.e. changes in morpholog-
ical, chemical, and physical characteristics of a plant in response to the environment.
If phenotypic plasticity is explicitly accounted for, there is no need to adapt parame-
ters in different environmental conditions (Yin, 2013). Obviously, this is only possible
when the required knowledge is available to adequately represent these processes.
Considerable understanding is available on phenotypic responses of coffee to water
(Cannavo et al., 2011; Carr, 2012; Cavatte et al., 2012; Poorter and Nagel, 2000) and
light availabilities (Charbonnier et al., 2013; Martins et al., 2014b; Matos et al., 2009),
but uncertainty is much greater with regard to phenotypic plasticity to atmospheric
[CO2] variation (Yin, 2013), with only few experimental studies regarding coffee so
far (DaMatta et al., 2016; Ghini et al., 2015; Martins et al., 2014a).

Other dif�culties in exploring possible impacts of climate change on crop produc-
tion are related to the uncertain responses to climate extremes (Thornton et al., 2014).
Depending on the methods used for downscaling Global Climate Model (GCM) out-
put to scales suitable for agriculture, the projected changes in climate represent only
mean changes in temperature and precipitation and do not adequately represent
changing climate variability, notably temperature and precipitation extremes (Muller
et al., 2011; Ramirez-Villegas et al., 2013). In addition to uncertainty in boundary con-
ditions, there is also uncertainty in the actual effects of such extremes on the plant
(Reyer et al., 2013).

The goal of this study is to evaluate potential impacts of climate change in vari-
ous agro-ecological settings and agricultural managements using a mechanistic coffee
model, which integrates current understanding on coffee ecophysiology. By making
use of statistical approaches to explore the plausible parameter space, we identify
optimal current and future management practices of a wide range of potential geno-
types. The objectives of this paper are to 1) present the proposed coffee model, 2)
assess model outcome in time and space using mean literature derived parameter
values, 3) identify model behavior through global sensitivity analysis and 4) evaluate
how robust the predicted change is despite parameter uncertainty conditioned by dif-
ferent climate scenarios. We used two contrasting sites of East Africa as case study
areas, namely the wet slopes of Mount Elgon, Uganda vs. the drier slopes of Mount
Kilimanjaro, Tanzania.
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3.3 material and methods

3.3.1 Coffee model

The original version of the coffee agroforestry model (CAF 2007) was described by
Van Oijen et al. (2010b) and extended by Ovalle-Rivera (2014). This study adapts the
CAF2014model for use as a spatially contextualized decision support tool (SpCAF).
This model was chosen as it is speci�cally designed to deal with coffee agroforestry
systems and includes a mechanistic light use ef�ciency approach that deals with the
interaction between temperature and [CO 2]. In comparison to CAF 2014, we assume
no nutrient limitations as we intend to isolate the impact of climate on coffee and
therefore focus on yield response to water (i.e. water limited yield according to Van
Ittersum et al. (2013)), temperature and atmospheric [CO 2] levels. Consequently, cof-
fee yield is expressed exclusively as a function of climate and soil water availability,
excluding nutrient competition, pest and disease alterations, or allelopathic properties
of shade trees on understory coffee. Tree shading is simpli�ed to a canopy that pro-
vides shade and competes for water through evapotranspiration. Thus, the objective
is not to explicitly model a speci�c shade tree species, but rather allow for exploration
of the continuity between no shade and heavy shade and its effects on microclimate
and water competition. The model calculates water-limited coffee yield at a daily time-
step and is implemented in R statistics (R Core Team, 2014). In the following sections,
all key processes and model assumptions are presented. An overview of the model is
illustrated in Figure 3.1.

Figure 3 .1: Simpli�ed representation of spatially explicit coffee growth model

3.3.1.1 Coffee growth under optimal water supply

Canopy photosynthesis is modelled using a mechanistic light-use ef�ciency (LUE) ap-
proach based on the leaf photosynthesis model of Farquhar et al. (1980) and scaled
up to canopy photosynthesis (Charles-Edwards, 1982), as described in detail by Van
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Oijen et al. (2004). This formula for LUE is calculated on a daily basis and depends
on temperature, atmospheric [CO2], light intensity and the Rubisco content of up-
per leaves. Instead of modelling photosynthesis and respiration separately, the LUE
approach assumes a constant ratio of daily rates of respiration and photosynthesis,
which has been explained experimentally (e.g. Gifford, 1995; Gifford, 2003) and the-
oretically (Van Oijen et al., 2010c). The parameters have been adjusted to very low
and high light intensity, yielding highest values for LUE at low intensity (Van Oijen
et al., 2010b). This allows consistency with observations as reported by Franck and
Vaast (2009), Cavatte et al. (2012) and Charbonnier et al. (2017) for Arabica coffee.
Moreover, by expressing the LUE approach based on the Farquhar et al. (1980) bio-
chemical model, the interaction between temperature and elevated atmospheric [CO 2]
is represented (Yin, 2013). Under favorable conditions, growth rate is proportional to
the amount of light intercepted by the canopy (Monteith and Moss, 1977). Therefore,
LUE is multiplied with daily intercepted solar radiation, calculated as an exponential
function of leaf area index (LAI) and a constant light extinction coef�cient according
to Beer's Law for attenuation (Monsi and Saeki, 1953). Water stress decreases LUE
proportionally via the ratio of actual to potential transpiration rate (Kropff and Van
Laar, 1993). The LUE of C. arabica has been shown to range between0.23 – 0.8 g
MJ-1 (Bote et al., 2016; Charbonnier et al., 2017). It has also been shown that LUE
can increase by50% under shade and thereby largely compensate for a reduction in
60% photosynthetically active radiation (PAR) leading to almost equal net primary
productivity (Charbonnier et al., 2017). Therefore, using the LUE approach appears
to be particularly appropriate for summarizing differences in phenotypic plasticity to
shade (Bote et al.,2016; Cavatte et al., 2012; Charbonnier et al., 2017). This plasticity
is re�ected by several physiological and morphological adjustments. Firstly, plants
in low light conditions allocate more nitrogen to light harvesting rather than carbon-
assimilating enzymes (Cavatte et al., 2012; Poorter et al., 2014), although coffee was
found to have a robust photosynthetic machinery even in low light that allows to max-
imize variable light availability by sun�ecks (Cordeiro et al., 2013). Secondly, in high
light an increased investment in photo-protective mechanisms was observed (Matos
et al., 2009). Thirdly, reduced VPD under shade improves stomatal and mesophyll
conductance over the day (Franck and Vaast, 2009; Martins et al., 2014b), which is
particularly important as coffee photosynthesis is mainly limited by diffusive rather
than biochemical limitations (Chaves et al., 2008; DaMatta et al., 2007; Franck and
Vaast, 2009; Martins et al., 2014b). Fourthly, increases in speci�c leaf area (Martins et
al., 2014b) and diffuse light availability (Charbonnier et al., 2013) under shade might
further increase the fraction of absorbed photosynthetically active radiation compared
to unshaded systems.

The fraction of carbon (C) allocated to the different plant organs depends on phe-
nological stage (vegetative growth, bean maturation) and is modulated by water avail-
ability. Root C sink strength increases with increasing water stress to the detriment
of other plant organs according to the functional equilibrium theory (Brouwer, 1983).
High fruit load can come at the expense of (i) vegetative growth leading to `die back'
(Vaast et al., 2005) in extreme cases, and (ii) the development of fruiting nodes and
hence lower sink strength of fruits in the following year (Bote and Vos, 2016; Vaast
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et al., 2005). Phenology is based on thermal time (degree days) and �owering is in-
duced by a threshold amount of rainfall after the dry season (Carr, 2012; DaMatta
et al., 2007). The intensity of �owering is a function of monthly light intensity around
�owering (Cannell, 1985; Franck and Vaast, 2009). Leaf senescence varies depending
on the degree of water stress, while roots were set with a constant lifespan. Leaf
growth is calculated as the product of leaf biomass and speci�c leaf area. The latter is
decreased by water stress.

3.3.1.2 Soil water balance and water stress

A simple one-layer soil water balance is used to calculate the amount of water in the
root zone, whereby water is added by precipitation and lost through interception, tran-
spiration, evaporation, runoff and drainage (Van Keulen, 1986; Van Oijen et al., 2010b).
Runoff is calculated as the amount of water lost through surface �ow, which is a func-
tion of rainfall interception by vegetation cover (modelled by the system's leaf area
index), soil water holding capacity, and slope. Drainage is calculated as the remain-
ing water not used by evapotranspiration, interception by vegetation or loss through
runoff, which is not retained by the soil Van Oijen et al. ( 2010b). No groundwater
in�uence is assumed. Potential transpiration depends on temperature, solar radiation,
vapor pressure and LAI and is calculated with the Penman equation (Penman, 1948)
according to Van Oijen and Leffelaar ( 2008). Actual transpiration rate decreases below
the potential rate when soil water content is below a critical value, which is lower
than �eld capacity by an amount that depends inversely on atmospheric evaporative
demand (Driessen, 1986; Van Oijen et al., 2010b). This critical plant available soil water
content additionally depends on the sensitivity of the coffee cultivar to drought. Wa-
terlogging can hamper crop growth when soil water content exceeds a given threshold.
Evapotranspiration demand is partly covered by daily rainfall interception through fo-
liage up to a maximum level which is proportional to LAI (Siles et al., 2010; Van Oijen
et al., 2010b).

3.3.1.3 Shade, light transmission, microclimate buffering and water competition

Light transmission through shade tree canopy is modelled with Beer's law using the
LAI of the shade tree canopy and an extinction coef�cient re�ecting different degrees
of light transmission and assuming a horizontally homogeneous canopy (Kropff and
Van Laar, 1993; Zuidema et al., 2005). These two variables allow for varying light
transmission through shade tree canopy between 0% and 100%. In reality, the shade
tree canopy in agroforestry systems is never homogeneous, and includes multiple lay-
ers and species, as well as canopy gaps. Charbonnier et al. (2013) showed that the
assumption of a homogeneous canopy is nevertheless valid at plot scale, at least un-
der their studied conditions at a humid site in Costa Rica with high planting density
dwarf Caturra varieties and low shade tree density with crown projections covering
16% of the farm. Although it is dif�cult to assume their �ndings are valid under other
environmental and shade management conditions, it is an important indication that
plot level modelling might be suf�ciently approximated with this approach. There-
fore, it provides an appropriate reference for comparing the effects of climate and
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shade on coffee. Conceptually, non-shaded and homogeneous shade canopy consti-
tute reference points for the extreme shade canopy types, whereby the LAI and light
extinction coef�cient represent different shade tree compositions. Changes in coffee
leaf functional traits (e.g. SLA and leaf nitrogen concentration) between management
systems of different vegetation structures (i.e. various shade tree compositions to no
shade) is mainly related to light availability rather than shade tree species composi-
tion (Gagliardi et al., 2015).

Microclimate modi�cation by shade is re�ected as a decrease of daily average tem-
perature proportional to the fraction of radiation intercepted by the shade trees (Van
Oijen et al., 2010b). Mean daily temperature decreases according to shade level down
to a given maximum (e.g. 4 °C; Beer et al.,1998). Water competition starts with rain
interception of shade trees which is proportional to LAI up to a speci�ed threshold
(Siles et al., 2010). Tree transpiration was modelled as for coffee with the Penman
equation (Penman, 1948). Shade trees transpire water from the same soil-water layer
as used by coffee plants. Hence competition of water occurs when transpiration de-
mands of coffee and shade trees together drive the soil water content below the critical
soil water threshold, when actual transpiration rate declines below potential rate.

3.3.2 Climate and soil data

Parameters of the soil-water balance model are retrieved from the gridded functional
soil information dataset on root zone plant-available water holding capacity of the
Sub-Sahara African Soil (AFSIS; Leenaars et al.,2015). Terrain slope is calculated
with the terrain function from the “raster” package (Hijmans, 2015) based on the
SRTM 90-m digital elevation model. Daily weather data is generated from the World-
Clim database (Hijmans et al., 2005) using the MarkSim weather generator (Jones and
Thornton, 2000) on a 30 second resolution (approximately 1 km near the equator) for
current (interpolation of observed data, representative of 1950-2000) and future cli-
matic conditions (downscaled GCM data using the delta method (Ramirez-Villegas
and Jarvis, 2010) and representative of the 2040-2069 time-slice). Since the objective
of this study is to present the model and its behavior instead of a climate change im-
pact assessment, we chose only one GCM to exemplify model capability. We focus the
study on possible responses of the coffee plant with consideration of its management
to a changing climate, rather than assessing uncertainty in climate change predictions.
The Hadley Global Environment Model 2 – Earth System (HadGEM2-ES; Jones et al.,
2011) from the IPCC 5th assessment report (IPCC,2013) using the representative con-
centration pathway 6.0 (Van Vuuren et al., 2011) was chosen for illustration purposes.
HadG-EM 2-ES has been identi�ed as one of the best performing GCMs (e.g. Brands
et al., 2013; Perez et al., 2014) and is one of the most commonly used one. Vapor
pressure is estimated from temperature, assuming dew point is equal to minimum
temperature as shown by Wang et al. (2004). Solar radiation is estimated with Mark-
Sim using the model of Donatelli and Campbell ( 1997, cit. in Jones and Thornton,
2000) and adjusted to topography with the `slopefactor' function of the EcoHydRol-
ogy package of R (Fuka et al., 2014). Because Arabica coffee is mainly cultivated on
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the slopes of mountain ranges, spatial resolution should not be too low in order to
account for the heterogeneity arising through complex topography. To account for the
stochasticity of the MarkSim weather generator, 100 replicates of yearly weather data
are simulated for each pixel to account for the diversity of possible weather constel-
lations that monthly mean values could be made up of. We calculated four 25-year
growth periods per site and then calculated the mean annual yield values of the 100
year simulations.

3.3.3 Study sites

Two study sites of East Africa were chosen with distinctly different climates (Figure
3.2 and Table S3.1). An altitudinal transect ( 1000– 2200m.a.s.l.) was selected along the
slopes of Mt. Elgon, Uganda, with hot and dry climate at low elevation, and cool and
wet climate at high elevation. On the other hand, Mount Kilimanjaro, Tanzania, was
chosen as a prominent coffee growing region with severe drought issues and a high
predicted climate change impact (Craparo et al., 2015). The precipitation values of the
WorldClim data for Kilimanjaro above 1500m.a.s.l. were corrected with the insights
gained from weather monitoring along the altitudinal transect as recently published
by Appelhans et al. (2016) (Figure 4). At the two study sites, the HadGEM 2-ES esti-
mates a slightly higher temperature increase and a lower change in annual rainfall
compared to four other commonly used GCMs (Table S 3.2). Therefore, the HadGEM2-
ES represents a warmer and drier climate with respect to the other evaluated GCMs.
The soils on the slopes of Mt. Elgon and Mt. Kilimanjaro are predominantly Nitisols
(WRB for soil classi�cation (IUSS Working Group, 2015)), developed on basaltic out-
�ows. Water holding capacity is highly heterogeneous due to the complex topography
and is highest at mid elevation (Figure S 3.1). The selected areas have an extension of
1739 km2 in Mt. Elgon and 1430 km2 in Mt. Kilimanjaro and are important coffee
production areas with the majority of households growing coffee. The coffee is of-
ten intercropped with banana ( Musa spp.) and a diversity of shade trees with Cordia
africana, Albizia schimperianaand Ficus mucosabeing the most frequent ones (Hemp,
2006b; Van der Wolf et al., 2016).

3.3.4 Experimental design

The full continuum of light and water competition was modelled. To calculate opti-
mal shade level per pixel for maximum coffee yield, we varied the shade tree leaf area
index between 0 and 3 and the shade tree light extinction coef�cient between 0.4 and
0.8, yielding shade levels between 0 and 90%. The continuum of water competition
was represented by the two extremes of full potential and no water competition; full
potential water competition between coffee and shade trees is assumed due to pres-
ence of coffee and tree roots in the same single and homogeneous soil layer and with
no preferential access of coffee roots to soil water. For the sensitivity and uncertainty
analyses on the other hand, we did not use the full continuum of light and water com-
petition due to high computation demand. We compared non shaded systems with
systems covered by 50% shade (shade tree leaf area index =1 and shade tree light
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Figure 3 .2: Overview map, digital elevation maps (SRTM; Jarvis et al. 2008) and climate
diagrams of Mt. Elgon, Uganda, and Mt. Kilimanjaro, Tanzania, at low ( 1100
- 1300 m.a.s.l.), mid (1300-1700 m.a.s.l.), and high elevation (1700-2200 m.a.s.l.)
based on the WorldClim database (Hijmans et al., 2005).

extinction coef�cient = 0.7) assuming full water competition.

Climate scenarios consisted of current climatic conditions referring to 1950-2000
according to WorldClim and denoted as year 2000, and future climate representa-
tive of the 2040-2069 time-slice (in the following referred to 2050) without elevated
atmospheric [CO2] (future A) and with elevated atmospheric [CO 2] (future B). At-
mospheric [CO2] for current and future A scenarios were 380 ppm and 478 ppm for
future B scenario, according to the IPCC representative concentration pathways (RCP)
6.0 (Van Vuuren et al., 2011)). For the future B scenario, we assumed neither photo-
synthetic downregulation nor changes in carbon allocation to represent the maximum
possible CO2 fertilization effect (CFE). The future A scenario represents the “tempera-
ture” effect of climate change, and the difference between future B and future A, rep-
resents the uncertainty in CFE. Maximum CFE re�ects increased photosynthesis and
water use ef�ciency assuming no phenotypic responses to elevated [CO 2]. The uncer-
tainty range, therefore, re�ects possible physiological and/or morphological changes
as a response to elevated [CO2] not accounted for by the model. For the sensitivity
analysis and prior (i.e. uncalibrated) uncertainty assessment, we chose two locations
each on Mt. Elgon and Mt. Kilimanjaro, one at low elevation ( 1097and 1133m.a.s.l.,
respectively) and a second one at high elevation (1863and 1629m.a.s.l, respectively).

3.3.5 Evaluation

3.3.5.1 Parameter ranges and assumptions

Parameter ranges were selected as marginally uniform distributions based on pub-
lished studies as presented by Van Oijen et al. (2010a) and from more recent literature
(see Tables S3 and S5). It is important to differentiate between parameter values that



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 59 — #72
i

i

i

i

i

i

3.3 material and methods 59

can be considered as generally valid for all Arabica coffee species and parameter
values that are genotype speci�c (Boote et al., 2003). Genotype speci�c parameters
include carbon allocation parameters, transpiration coef�cient, light extinction coef�-
cient, leaf Rubisco content, time between seedling planting and reproductive phase,
speci�c leaf area, and parameters of plant organ senescence. Differences between tra-
ditional low yielding and improved high yielding genotypes can be largely explained
by differences in carbon allocation patterns, whereby the ef�ciency of the photosyn-
thetic apparatus remained almost the same (Ericsson et al.,1996; Génard et al., 2008).
For example, the difference at juvenile stage between the coffee cultivars Coffea ara-
bicacv. Caturra, Catuai, and Catimor was mainly related to morphological variables
(i.e. height, leaf area, internode number, root to shoot ratio), while physiological vari-
ables (i.e. leaf net photosynthetic rate, stomatal conductance, intercellular [CO2], and
intrinsic water-use ef�ciency) were not signi�cantly different (Zhang et al., 2017).

3.3.5.2 Sensitivity analysis

A global sensitivity analysis was performed using the extended Fourier amplitude
sensitivity test (eFAST) of Saltelli et al. (1999). The eFAST estimates the contribution
of individual input factors to output variance and evaluates the variability of the out-
put for the entire uncertainty domains of the parameters. Additionally, it addresses
higher-order interaction between input factors. The method makes use of a sampling
approach following a systematic search trajectory designed to explore the parameter
space via a transformation function. A �rst-order sensitivity and a total-effect sensitiv-
ity index are computed from the generated trajectories using a spectral decomposition
of the model output variability. The total output variance is decomposed to estimate
the in�uence of individual parameters by its main effects and the interactions with
other parameters. This method was shown to be more ef�cient than Sobol's method
(Sobol, 1993) which uses a Monte Carlo approach to estimate �rst and total sensitivity
indices (Makowski et al., 2006) and has been shown to be more robust than several
other global sensitivity methods (Chan et al., 1997; Saltelli and Bolado, 1998). Further-
more, computational demand is signi�cantly lower with eFAST and interaction effects
among parameters are computed, which is not the case with Sobol's algo-rithm. We
used the sensitivity R package of Pujol et al. (2015). Conversion of the sensitivity in-
dices was found for a sample size of factor 1000resulting in 26 000model runs with
26 parameters, i.e. 26 000parameter vectors were sampled and run with the model
per climate and management scenario.

3.3.5.3 Parameter uncertainty analysis

As the exact parameter values are unknown, we evaluate how the different shade
management and climate scenarios impact on the different parameter sets within the
range of parameter uncertainty. This approach is called forward uncertainty analy-
sis (Beven et al.,2008), as the outputs depend entirely on the prior assumptions of
the parameters, which are propagated forward through the model predictions. To as-
sess forward parameter uncertainty, we use the parameter vectors as sampled with
the eFAST method. The uncertainty is exempli�ed for a hypothetical but realistic (i.e.
de-rived from existing literature) coffee Arabica genotype. Therefore, we set the light
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extinction coef�cient and Rubisco content in leaves to 0.65 (m2 m-2) and 0.54 (g m-2),
respectively. The uncertain parameters are given in Table ??. The soil parameters rep-
resenting the fraction of water content at �eld capacity, air dryness, wilting point,
and water saturation have been set to the values of the respective pixels of the AFSIS
database (Leenaars et al.,2015).

3.4 results

3.4.1 Model runs with mean parameter values

3.4.1.1 Mount Elgon

On Mt. Elgon, the high elevation is currently the most suitable area for coffee produc-
tion with a peak at 1780 m.a.s.l. (Figure 3.3). Due to the optimal mean annual tem-
peratures (19.3 °C), annual precipitation ( 1654mm) and high cloud cover and hence
low daily mean solar radiation ( 19.7 MJ m-2 d-1), coffee is not dependent on shade for
buffering microclimate. Shade becomes bene�cial from 1500 m.a.s.l. on downwards,
whereby the bene�t increases as elevation decreases. Maximum yield gain with opti-
mal shade management assuming full potential water competition is 11% for current
and 13% and 10% for future A and B, respectively. At low elevation, shade up to 50%
increases coffee yield, despite the conservative assumption of non-preferential access
of coffee roots to soil water and hence full potential water competition between coffee
and shade trees. Furthermore, some areas at low elevation have soils with low wa-
ter holding capacity resulting in increased competition for water between coffee and
shade trees. In the scenario of future climate (2050) as predicted by the HadGEM 2-ES
without considering elevated atmospheric [CO 2], coffee yield is negatively affected
up to 2000m.a.s.l., with a maximum decrease of 44% on poor soils at low elevation
(mean = -25%), while at elevation higher than 2000m.a.s.l. yield is increased due to
predicted higher temperatures. Optimal coffee suitability increases up to 2200m.a.s.l.
equaling an altitudinal shift of 400 m; this drastically reduces the suitable area for
coffee cultivation as exempli�ed by a comparison of maps on current and future A
scenarios (Figure 3.3). The increased yield in the future, limited to the highest eleva-
tion, is additionally attributed to a foreseen precipitation increase [ 100-300 mm yr -1].
However, this area coincides with the protected Afromontane forest starting at around
2200m.a.s.l., hence agricultural expansion to these higher elevation is not permitted.
Shade as an adaptation strategy allows to adapt currently non-shaded systems in the
future but only if coffee is associated with tree species not competitive but rather com-
plementary in terms of water use. Unless water competition is adequately dealt with,
the bene�t of modi�ed microclimate by shade trees will not be able to sustain the cur-
rent yield level. Assuming no phenotypic plasticity as a response to elevated [CO 2],
the CFE cancels the negative effect of high temperature at low and mid elevation on
Mt. Elgon, while at high elevation yield is increased [ 10-15%].
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3.4.1.2 Mount Kilimanjaro

On the slopes of Mt. Kilimanjaro, the highest yield of rain-fed coffee is between 1600
and 1800m.a.s.l. (Figure 3.4). Shade improves coffee yield at lower elevation (< 1600
m.a.s.l.) only if non-water-competitive shade tree species are used. Assuming full po-
tential water competition, shade is bene�cial solely up to 1370 m.a.s.l., due to the
dry climate reducing the net bene�t of shade trees. Furthermore, the temperature
effect of predicted climate change, according to the HadGEM 2-ES without consider-
ing elevated [CO2], decreases yield up to 1730 m.a.s.l.. Higher evaporative demand
and hence water stress will be a serious problem and the issue of water competi-
tion between coffee and shade trees even more critical. Adapting coffee systems to
this foreseen climate will require substantial knowledge on shade tree selection and
management. Elevated [CO2] might mitigate the negative effects of predicted climate
change at low elevation if no physiological and/or morphological acclimation pro-
cesses take place. At mid elevation, future elevated [CO2] conditions will not be able
to maintain the same yield level as under current conditions. Maximum yield gain
with optimal shade management assuming full potential water competition is 12%
for current and 18% and 17% for future A and B, respectively.

3.4.2 Prior parameter uncertainty

Prior parameter uncertainty analysis provides insights on the qualitative changes to
be expected using different parameter sets when evaluating different shade manage-
ment and climate scenarios (Figure 3.5). The mean responses of the impact of different
management practices (no shade vs. shaded systems) at current and future (with CFE
vs.no CFE) climatic conditions over a longer time period, give a clear picture of the cli-
mate signal. Incorporating shade trees with 50% canopy cover at low elevation ( 1092
m.a.s.l) on Mt. Elgon bene�ts coffee yield on average by 13.5% over a 25 year growth
period, despite high parameter uncertainty (Figure 3.5). This shade level also consti-
tutes the optimal shade level for highest coffee yield (Figure 3.6). A few parameter
sets reveal no change or even a yield decrease under shaded conditions. This occurs
under conditions of combined low leaf sink strength, low maximum leaf life-span,
and short thermal time requirement for bean maturation. Such a parameter constel-
lation is unlikely present in a real genotype, therefore making this scenario rather
unrealistic. Yet, to improve our model understanding it is still helpful to identify such
conditions. In these parameter constellations, LAI is too small to adapt to the limited
light availability under shade, which outweighs the bene�ts of improved microclimate.
Furthermore, the short thermal time requirement for bean maturation results in an in-
creased photo-assimilate demand by berries that cannot be provided by the low leaf
area and low light availability. At high elevation, on the other hand, shade (with 50%
canopy cover) is not bene�cial for coffee yield compared to unshaded systems, due to
the already low temperatures, high humidity associated to high annual rainfall, and
low solar radiation due to high cloud cover. None of the evaluated parameter con-
stellations allow for improved yield under shade at high elevation. Unshaded coffee
outperforms shaded coffee in terms of coffee yield at current climatic conditions at
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Figure 3 .3: Mapped rain-fed coffee yield with optimal shade on North-Western slopes of
Mt. Elgon, Uganda. First row refers to current climate (baseline: 2000), second
and third rows refer to future climate without (future A) and with (future B)
CFE, respectively. First column refers to rain-fed yield with optimal shade level
[t DM ha -1], second column to maximum canopy cover [%] allowing for maxi-
mum yield, third column refers to yield gain if system optimally shaded vs. no
shade with full potential water competition [%]. Future A and Future B repre-
sent minimum and maximum magnitude of CFE, respectively. Shade +wc and
-wc refer to full potential and no water competition (wc), respectively. On the
right side of the maps are the elevation pro�les of the respective scenarios.

high elevation (Figure 3.6).

In a future climate as projected by the HadGEM 2-ES, coffee yield is hampered
by increased temperature and drought stress at low elevation (- 18%) if no elevated
atmospheric [CO2] is assumed (Figure 3.5). For most parameter constellations, this
negative impact on yield can be mitigated if shade is included allowing to maintain
current yield in the future. A shade level of 50% continues to provide the highest
net bene�t resulting in highest yield (Figure 3.6). The shade effect for different pa-
rameter constellations has been described above. In a future scenario with elevated
atmospheric [CO2] reaching 478 ppm, the negative impact of increased temperature
and drought stress is mitigated (Figure 3.5), allowing to maintain current yield in the
future even without shade. This is assuming neither a downregulation in photosyn-
thesis nor changes in carbon allocation as a response to elevated [CO2]. As shown in
Figures 3.5 and 3.6, optimizing shade management under these conditions results in
increased yield compared to current unshaded systems (18%). At high elevation, by
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Figure 3 .4: Mapped rain-fed coffee yield with optimal shade on Southern slopes of Kiliman-
jaro, Tanzania. Upper dashed box: First row refers to current climate (baseline:
2000), second and third column refer to future climate without (future A) and
with (future B) CFE, respectively. First column refers to rain-fed yield with op-
timal shading [t DM ha -1], second column to maximum canopy cover [%] for
maximum yield, third column refers to yield gain if system optimally shaded
vs.. no shade with full potential water competition [%]. Future A and Future B
represent minimum and maximum magnitude of CFE, respectively. Shade +wc
and -wc refer to full potential and no water competition (wc), respectively. Lower
dashed box illustrates the elevation pro�les for the different scenarios.

contrast, increased temperatures will bene�t coffee yield in both scenarios (no/with
elevated [CO2]). Shade with 50% canopy cover at these elevations will not be able to
outperform un-shaded systems either today or in the future, if the sole objective is
to maximize coffee yield (Figure 3.5). But shade up to 18% does not lead to a yield
reduction (Figure 3.6).

On Mt. Kilimanjaro, Tanzania, shade also improves coffee yield at low elevation
(24%) but not at high elevation. Compared to Mt. Elgon, future predicted climate
change has a more negative effect in both scenarios, without (-32%) and with elevated
[CO2] (-18%) in unshaded conditions. But yield can be improved by shading to (-
2%) and (16%) in scenarios without and with elevated [CO 2], respectively. Although
shading coffee at high elevation reduces potential yield at current climatic conditions,
it buffers coffee systems against future climate scenarios and helps maintain yield (no
elevated [CO2]) or even increases yield (with elevated [CO 2]).
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Figure 3 .5: The relative coffee yield change due to the HadGEM 2-ES climate change sce-
nario, with and without [CO 2]-fertilization effect (CFE) and with 0 or 50% shad-
ing of shade trees on low and high elevation of Mt. Elgon, Uganda and Mt.
Kilimanjaro, Tanzania, including the prior parameter uncertainty.

3.4.3 Parameter sensitivity

The most sensitive parameters are those related to soil water availability (i.e. amount
of water available for coffee and trees between �eld capacity and wilting point), light
interception (light extinction coef�cient), photosynthesis (Rubisco content in leaves),
and carbon allocation (i.e. sink strength for leaves and storage organs) (Figure 3.7).
These parameters need to be well known or appropriately estimated to reduce uncer-
tainty. The remaining parameters do not signi�cantly in�uence output variance and
hence can be set as constant values allowing for model simpli�cation. The difference
in parameter sensitivity to changes in environment (Uganda vs. Tanzania / low vs.
high elevation) is less than to shade level.

Shade reduces the energy input reaching the soil and the coffee plants, and there-
fore reduces water use by coffee transpiration and to a lesser extent soil evaporation.
Yet, adding transpiration of the shade trees, hence assuming full potential water com-
petition all year around, leads to high sensitivity of soil parameters. The soil water
budget of coffee plants is less important under shaded conditions when there is no
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Figure 3 .6: The relative bene�t of shade on coffee yields per climate scenario (without ref-
erence between climate scenarios) compared to non-shaded systems of the three
climate scenarios on Mt. Elgon, Uganda, including prior parameter uncertainty.
These responses assume full potential water competition between coffee and
shade trees. The reference zero line represents either current sun system, future
A sun system (assuming no [CO2]-fertilization effect), or future B sun system
(assuming [CO2]-fertilization effect without change in phenotypic plasticity), re-
spectively (and thus is different to that in Figure 3.5).

water competition. The strong in�uence of soil hydraulic parameters (parameters re-
lated to �eld capacity and wilting point) highlights the need for using high quality
soil data as inputs. As water becomes less limiting, parameters related to light inter-
ception, canopy photosynthesis, and carbon allocation become more important. The
C sink strength of roots gains importance in water limited conditions when soil hy-
draulic parameters are excluded of the sensitivity analysis (data not shown), while
sink strengths of leaves and berries are relatively more important in light limited con-
ditions.

As shown in Figure 3.5, the general pattern of model parameter sensitivity between
Mt. Elgon and Mt. Kilimanjaro is consistent, despite the differences in climatic condi-
tions. The main difference is the higher sensitivity of parameters related to thermal
time, namely base temperature for maturation (TMATB) and thermal time to matura-
tion (TMATT) particularly in unshaded systems located at low elevation.

The soil water balance parameters are provided as input by the AFSIS database,
whereby the uncertainty of this database is not considered in this study. Yet, as the
model is very sensitive to soil hydraulic parameters, accurate estimates are required
to reduce uncertainty. For calibration purposes, it is important to know which pa-
rameters are critical when removing them from the analysis. When excluding the soil
water balance parameters, the sensitive parameters (>0.1) are (in descending order):
carbon sink strength of leaves (SINKL), Rubisco content of upper leaves (RUBISC),
sink strength for storage organs (SINKPMAX), light extinction coef�cient (KEXT), and
carbon sink strength of roots (SINKR).
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Figure 3 .7: The �rst-order and total-effect sensitivity indices for model parameters of dif-
ferent climatic conditions (low vs.high elevation) and different shading regimes
(no shade vs. 50% shade). Description of parameters is provided in Table S3.
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3.5 discussion

We presented a model allowing to taking into account spatially-explicit soil and cli-
mate characteristics to explore management options for coffee systems via shade tree
association. One GCM was used, as the main purpose of this study is the presentation
of the model features rather than a full climate change impact assessment. Nonethe-
less, consistent with earlier studies, we found negative impacts of increased tempera-
ture at low elevation, while high elevation areas should gain in terms of yield potential
(Bunn et al., 2015a; Magrach and Ghazoul, 2015). Our model suggests that the CFE
potentially could mitigate the negative effects of increased temperature to a large ex-
tent, hence suggesting that previous studies might have overestimated the negative
impact of climate change. Additionally, one of the most salient features of the present
model is to calculate the optimal shade level along environmental gradients now and
in the future according to different climate scenarios. Below we discuss differences
among coffee genotypes, the effect of shade and [CO2] fertilization, the importance of
soil water availability, the interaction between temperature and [CO 2] effect, as well
as implications for smallholders in Mt. Elgon and Mt. Kilimanjaro, and ultimately
model improvements.

3.5.1 Genotypic variation

Data availability for calibration purposes is a major constraint. Explicitly analyzing
the uncertainty range in parameters is therefore of great importance (Beven et al.,
2008). Due to the lack of certainty concerning which parameter sets best simulate the
actual genotypes and planting densities currently cultivated at the sites of interest, we
did our simulations based on the entire range of parameter values by sampling the
plausible parameter space. Despite the uncertainty in the absolute change induced
by the assessed scenarios compared to current non-shaded systems (Figure3.5 and
3.6), the model allows for identifying the direction of change in coffee yield (Reyer
et al., 2016). It further exempli�es the potential of improved genotypes in the context
of climate change adaptation (Bertrand et al., 2016). The maps in Figures 3.3 and 3.4
represent only one general Arabica genotype at a �xed planting density resulting in
relatively low observed water-limited yield up to 2.5 t/ha. The use of modern high
yielding dwarf varieties (e.g. Catimor derived varieties) planted at high density ( 4000-
5000plants/ha) as commonly found on coffee plantations in Brazil and Colombia, for
example, can reach yield levels over 3 t/ha (DaMatta et al., 2007; Van Der Vossen,
2005). Different coffee varieties exhibit different yield potentials and responses to en-
vironmental stresses. Differences in morphological traits have been identi�ed to be
the main determinants of yield differences and drought tolerance among Arabica cul-
tivars (Tausend et al., 2000; Zhang et al., 2017). Open questions remain regarding
genotypic differences in temperature tolerance and response to elevated [CO2]. Fur-
thermore, hybrid varieties between Arabica, Robusta and hybrids of Timor have been
developed mainly for pest and/or disease resistance (Bertrand et al., 2016; Herrera
and Lambot, 2017) that could potentially also bene�t of Robusta's tolerance to higher
temperature. To analyze this, data of different varieties on the physiological (par-
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ticularly stomatal conductance) and morphological characteristics are required. The
sensitivity analysis (Figure 3.7) highlights that plant architecture (light extinction co-
ef�cient) plays an important role in plant performance under shaded or non-shaded
conditions. Traditional varieties which have a less dense canopy (Unigarro Muñoz
et al., 2016) are usually better adapted to shade, while modern dwarf varieties with
high self-shading often grow well without shade (Montagnon et al., 2012). Genotypic
differences regarding responses to light availability are of great interest for using agro-
forestry systems as adaptation strategy (Bertrand et al., 2016).

3.5.2 Effect of shade

The model allows for estimating the optimal shade level along environmental gra-
dients now and in changing future climates. In areas with optimal water supply, el-
evated temperatures and high solar radiation, a range of shade tree species can be
used with bene�cial effects for coffee yield. In these areas, trees with high timber
value or fast-growing ones can substantially improve farmers' livelihoods (Schaller
et al., 2003; Vaast et al., 2008; Vaast et al., 2015). Where water is limiting, shade trees
need to be selected with high root niche differentiation (Cannavo et al., 2011; Padovan
et al., 2015) and non-competing phenology. The latter also provides options to opti-
mize light availability (Beer et al., 1998). Knowledge of appropriate selection of shade
tree species (Van der Wolf et al., 2016) and their management related to timing and
amount of pruning is thus required (Beer et al., 1998). It is important to further con-
sider the economic impact of agroforestry systems. At locations where shade does
not decrease coffee yield, or when such decreases are relatively small, increased farm
pro�tability and revenue diversi�cation can be achieved by farmers due to the co-
production of other agroforestry products, such as fruits, �rewood, and timber (Rice,
2011; Vaast et al.,2015).

We showed that the model responds well to decreasing light availability, by in-
creasing the sensitivity of parameters relevant to light interception (Figure 3.7). Soil
hydraulic parameters had a strong effect on yield, which emphasizes the importance
of sound soil input data. Different soil types will therefore have an important in�u-
ence on yield output, which need to be accounted for in addition to changes in climate
variables. We suggest the use of recently established spatial databases on root zone
plant-available water holding capacity (Leenaars et al., 2015), but uncertainties in these
data should be taken into account in future studies. These soil types in combination
with precipitation regime and root distribution of shade tree species will largely deter-
mine the risk for water competition or potential for complementarity between coffee
and intercrops/shade trees (Cannavo et al., 2011; Padovan et al., 2015; Van Kanten
and Vaast, 2006).

In this study, light and water competitions were estimated conservatively, assuming
homogeneous shade cover and full potential water competition within a single soil
layer. Nevertheless, the selected approach allows the calculation of the biophysical
determinants of successful agroforestry systems (Sanchez,1995) at the critical end-
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points of the continuum of different degrees of light and water competition. Shade
tree species differ substantially in the way they intercept light and use water based
on their canopy, root architecture and phenology (e.g. deciduous vs. evergreen trees)
(Luedeling et al., 2016). On the other hand, the model does not account for the effect
of shade and climate change on pests and diseases. Shade can either have bene�cial or
negative effects on pests and diseases depending on environmental context (Jonsson
et al., 2015; Liebig et al., 2016) which additionally requires careful consideration for
shade tree management (Staver et al.,2001).

3.5.3 Effect of [CO2] fertilization

We identi�ed that an increase in [CO 2] might substantially mitigate some of the neg-
ative impacts caused by climate change, although the magnitude of that mitigation
effect is not clear due to possible responses in phenotypic plasticity (Aspinwall et al.,
2015). To account for this uncertainty in CFE, we modelled zero effect (modelled by
omitting an increase in [CO 2] in the future) and the effect resulting when no phe-
notypic plasticity is assumed as a response to elevated [CO2] from 380 ppm to 478
ppm. The model indicates an averaged maximum effect on coffee yield between 13.5
– 21% (Figure 3.5), with higher effect at the more humid Mt. Elgon site, compared to
the drier Kilimanjaro site. Although water-use ef�ciency generally increases due to ele-
vated [CO2] at an instantaneous time-scale, the duration of stomatal opening at longer
time scales is increased at more humid sites which can lead to higher overall bene�t
of [CO2]. Our modelled values agree well with the average response of 13% found in
free-air [CO2] enrichment experiments (FACE) across a range of C3 crops (Long et al.,
2006) and a recent one conducted on coffee in Brazil, re-sulting in a yield increase
of 12.0 – 14.6%, depending on genotype, due to increasing atmospheric [CO 2] from
390ppm to 550ppm over a two-year period without increasing ambient temperature
(DaMatta et al., 2016; Ghini et al., 2015). This yield increase was even larger (approx.
40%) in the third year leading to a mean increase of 28% (Raquel Ghini, personal
communication). This high CFE found in this FACE experiment is due to the absence
of downregulation in photosynthetic capacity or acclimation of stomatal conductance.
There was no decrease in leaf nitrogen content and no alteration in leaf Rubisco con-
tent. Differences between the two evaluated genotypes in their responses to elevated
[CO2] were found, suggesting some uncertainties on how other common Arabica va-
rieties might respond. Anyway, this general lack of phenotypic plasticity in response
to elevated [CO2] is exceptional when compared to many other C 3 plants (Ainsworth
and Long, 2005) and suggests that Arabica coffee bene�ts comparatively well from
CFE. This appears to be due to the fact that coffee photosynthesis is highly limited
by diffusional rather than biochemical limitations (Martins et al., 2014b). Research on
other C3 plants with similar diffusional limitations have also indicated above-average
bene�t of CFE (Flexas et al., 2014; Niinemets et al., 2011). Additionally, as a peren-
nial woody species it has a larger carbon sink capacity compared to annual crops
(Ainsworth and Long, 2005). Higher water use ef�ciency is achieved by increasing net
photosynthesis at maintained stomatal and mesophyll conductance (DaMatta et al.,
2016). Maintaining stomatal conductance is bene�cial as a reduction might result in
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an increased leaf temperature via its effects on leaf energy balance (Bernacchi et al.,
2007), which could exacerbate the warming induced by climate change.

3.5.4 Interaction between temperature and [CO2] effect

To what extent elevated [CO2] might mitigate increased temperature is unclear and
might be different for different genotypes and dependent on the accompanying change
in air humidity and soil water availability. Growth chamber studies have found in-
creased tolerance of coffee to supra-optimal temperature at elevated [CO2], mainly
due to increased investment into protective measures (Martins et al., 2016; Rodrigues
et al., 2016). The degree of this increased tolerance will depend on the temperature
and precipitation induced changes in soil moisture and VPD and the vigor of the
coffee plant. Therefore, hot and humid areas are expected to bene�t more from the
interaction between elevated [CO2] and supra-optimal temperature, compared to ar-
eas that will become hot and dry. This explains why our model implies that elevated
[CO2] does not allow to maintain current yield in Kilimanjaro, while at Mt. Elgon it
might cancel out the negative effect of increased mean temperature. Irrigation prac-
tices are widespread in the Kilimanjaro area (Hemp, 2006a) and the last two decades
(1990- 2010) have been identi�ed as quite dry compared to average climate, with re-
ductions in precipitations during the main growing season (Otte et al., 2017). Further
drying is projected by the HadGEM 2-ES due to decreased rainfall in combination with
higher evaporative demand as a result of higher temperatures, particularly during
bean �lling. This likely results in increased C demand for maintenance and respira-
tion as well as for bean �lling, with simultaneous decrease in photosynthesis due to
increased VPD and drought stress. Importantly, we have to be aware that there remain
high uncertainties on how the interactions between warming and elevated [CO 2] will
impact �owering, bean maturation and cup quality. For example, there are indications
that �owering might be severely reduced under increased temperature (Craparo et al.,
2015; Drinnan and Menzel, 1995), which is currently not included in the model due
to limited process knowledge. Pest and disease pressure will additionally change and
likely continue to constitute a primary production constraint to coffee cultivation, for
which we have only limited information at present (Ghini et al., 2015; Jaramillo et al.,
2011; Jonsson et al.,2015).

3.5.5 What does the [CO2] effect mean for smallholder farmers in Mt. Elgon and Mt. Kili-
manjaro?

The vast majority of farmers on Mt. Elgon and Mt. Kilimanjaro are smallholders, who
face several constraints to access adequate nutrient and pest and disease management
options, leading to coffee systems with very low yield (Craparo et al., 2015; Liebig
et al., 2016; Wang et al., 2015). Therefore, it is unlikely that they will bene�t of the
CFE, unless appropriate actions to promote climate-smart agricultural management
are taken (Vaast et al.,2016). The challenge of the CFE is that it favors highly inten-
si�ed systems, thereby further increasing their competitive advantage compared to
extensive ones of smallholders, and hence likely making the former more vulnera-
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ble (Morton, 2007). The opportunity of CFE, however, is that improving smallholders'
farming conditions might allow more of them to continue cultivating coffee in the
future than previously estimated.

3.5.6 Model improvements

Several aspects need to be highlighted for future improvements regarding the present
coffee model. Firstly, further insights are required on how coffee light use ef�ciency
is affected by different light availabilities at different time scales. This allows for clar-
ifying to what extent the mechanistic light use ef�ciency approach (Van Oijen et al.,
2004) is an appropriate summary model of changes in microclimate due to shade
(i.e. changes in minimum and maximum temperatures, decreased VPD and increased
diffuse light) and changes in phenotypic plasticity of the coffee plant. Secondly, we
still lack a suf�cient mechanistic understanding of �owering induction and associ-
ated asynchronous �owering events. A �rst attempt has been made by Rodríguez et
al. (2011) by using demographic population models which should be further evalu-
ated. To improve our understanding, it will require long term data sets of �owering
events combined with weather and soil data of different environmental contexts. The
same is required to better understand factors leading to �ower abortion. Thirdly, a
more detailed modelling routine might be required for branch dynamics that ade-
quately represent competition between fruit load and increment in branch and new
branch development. Depending on the new branches formed and extension of ex-
isting branches, the nodes and potential �owering should be calculated. Finally, im-
provement is also required in representing the impact of extreme events, such as tem-
perature and rainfall, on coffee productivity. As more data become available, more
complex process representation will be possible, either through direct parameteriza-
tion or inverse modelling. Particularly, this is needed for extending the soil water bal-
ance to multilayered soil compartments enabling root niche differentiation between
the coffee plant and shade trees as recently exempli�ed in Nicaragua (Padovan et al.,
2015). In order to better account for differences in canopy structure of the shade trees,
summary models as presented by Duursma and Mäkelä ( 2007) and Forrester (2014a)
could be implemented, with intermediary complexity between our present approach
and the MAESTRA approach as used by Charbonnier et al. (2013, 2017).

These improvements strongly depend on data availability. The collection of func-
tional trait data for different genotypes in different environmental contexts will allow
to analyze genotypic and phenotypic plasticity and signi�cantly contribute to the re-
quired data for modelling endeavors. This requires the consolidation of available func-
tional trait data for coffee (particularly �owering phenology) and shade trees within
the plant trait database (Kattge et al., 2011; Martin and Isaac, 2015) but also on coffee
yield, management practices and local knowledge (Ordonez et al., 2014; Van der Wolf
et al., 2016). Consolidation of such a database would improve either direct parame-
terization or calibration through inverse modelling, for example by using a Bayesian
approach, thereby allowing to estimate parameter values in different climates where
weather, soil and production data are available (Van Oijen et al., 2005).
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3.6 conclusions

We presented a mechanistic model that processes spatially-explicit soil and climate
data to guide coffee cultivation and shade tree management for sustainable coffee
production systems. We applied the model to two case studies, namely the slopes
of Mt. Elgon, Uganda, and Mt. Kilimanjaro, Tanzania. According to the GCM used
(HadGEM 2-ES), Mt. Kilimanjaro will be severely affected by a drying climate in the
future, while Mt. Elgon is impacted to a lesser extent. The present modelling results
con�rm earlier studies on coffee suitability changes, namely that low-elevation areas
will be more strongly affected by climate change. However, previous studies did not
include neither CFE nor shade management and consequently seem to have overesti-
mated the negative effects of mean changes in temperature and shifts in precipitation
regimes; i.e. yield improvements due to elevated [CO 2] seem to largely mitigate the
negative impacts of elevated temperature. Shade trees can play a strong bene�cial role
at the low-elevation areas that have more marginal climates and will suffer most from
climate change. Higher elevation areas (>1500m) may see little to no direct bene�t
from shade trees on coffee yield. The model outputs can guide initiatives related to
trees in agricultural landscapes, such as biodiversity conservation and/or carbon se-
questration, and in minimizing potential trade-offs with farm productivity. This will
aid in decision making towards improvement of current coffee landscapes and their
adaptation to climatic change. In integrating the current understanding of the coffee
system, we also identify knowledge gaps related to �owering and bean maturation
and hence cup quality in response to climate change with particular focus on climate
extremes which require further study. The positive effect of CFE will particularly ben-
e�t intensi�ed systems, hence signi�cant improvements in agronomic management of
smallholder systems will be required. Therefore, sustainable intensi�cation remains
an important aspect of climate change adaptation. Although we showed that shade
management consists of an important adaptation strategy, increased knowledge on ad-
equate selection and management of shade tree species will be required to maximize
complementarity in the use of resources, particularly water. This will also require
more insights into the impact of shade trees on nutrient complementarity and pest
and disease pressure for coffee under various climate change scenarios.
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Table S3.1: Climatic characteristics of Mt. Elgon and Kilimanjaro used for sensitivity and
uncertainty analysis

Mt. Elgon Mt. Kilimanjaro

Current Future Current Future

Latitude 1.288 1.288 1.288 1.288 -3.321 -3.263 -3.321 -3.263

Longitude 34.304 34.362 34.304 34.362 37.546 37.546 37.546 37.546

Elevation [m.a.s.l.] 1097 1863 1097 1863 1133 1629 1133 1629

Mean temperature
[°C]

22.9 18.9 25.6 21.5 21.2 18.4 23.7 20.9

Mean maximum
temperature [°C]

29.3 25.4 31.7 27.8 26.9 23.9 29.3 26.2

Mean minimum
temperature [°C]

16.6 12.4 19.5 15.3 15.5 13.0 18.0 15.5

Mean temperature
amplitude [°C]

15.1 14.8 14.1 14.0 14.4 13.3 14.2 13.0

Mean annual solar
radiation [MJ m -2y-1]

7467 7118 7505 7128 5707 5222 5955 5437

Total annual
precipitation [mm]

1200 1734 1223 1860 1152 1515 996 1272
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Table S3.2: Comparison of common GCMs for Mt. Elgon, Uganda, and Mt. Kilimanjaro,
Tanzania. Climate variables: Mean temperature (Tmean), maximum temperature
(Tmax), minimum temperature (Tmin), mean diurnal tempera-ture range (Amp),
solar radiation, yearly average (SRAY), precipitation (Rain)

Scenario Tmean [°C] Tmax [°C] Tmin [°C] Amp [°C] SRAY [MJ M -2y-1] Rain [mm]

Mount Elgon - Low elevation: 1097m.a.s.l.

Current 23 29.3 16.6 15.1 7467 1200

HadGEM-ES 25.6 31.7 19.5 14.1 7505 1223

gfdl-esm2g 24.2 31 17.4 16.1 7716 1338

ipsl-cm5a-lr 25 31 19.0 14.3 7404 1897

miroc-esm-ch 24.4 30.3 18.5 13.5 7379 1589

noresm1-m 23.9 30.4 17.5 14.9 7590 1498

Mount Elgon - High elevation: 1863m.a.s.l.

Current 18.9 25.4 12.4 14.8 7118 1734

HadGEM-ES 21.5 27.8 15.3 14.0 7128 1860

gfdl-esm2g 20.1 27.0 13.2 16.2 7322 2046

ipsl-cm5a-lr 20.9 27.0 14.8 14.6 7051 2406

miroc-esm-ch 20.3 26.3 14.2 13.6 7006 2380

noresm1-m 19.9 26.4 13.3 15.0 7200 2166

Mount Kilimanjaro - Low elevation: 1133m.a.s.l.

Current 21.3 27.0 15.5 14.4 5707 1152

HadGEM-ES 23.6 29.3 18.0 14.2 5955 996

gfdl-esm2g 23.1 29.0 17.3 14.6 5812 989

ipsl-cm5a-lr 23.5 28.5 18.5 12.4 5856 1236

miroc-esm-ch 23.1 28.4 17.7 13.1 5816 1551

noresm1-m 22.7 28.2 16.9 14.5 5783 820

Mount Kilimanjaro - High elevation: 1629m.a.s.l.

Current 18.5 23.9 13.0 13.3 5222 1515

HadGEM-ES 20.9 26.2 15.5 13.0 5437 1272

gfdl-esm2g 20.3 25.9 14.7 13.5 5509 1299

ipsl-cm5a-lr 20.7 25.4 16.0 11.7 5222 1675

miroc-esm-ch 20.3 25.4 15.3 12.1 5302 2001

noresm1-m 19.9 25.2 14.4 13.4 5269 1452



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 86 — #99
i

i

i

i

i

i

3.7 supplementary 86

Figure S3.1: Available water holding capacity (v%) of the whole earth in the root zone depth
with �eld capacity de�ned at pF 2.3 at study sites in Mt. Elgon, Uganda and
Mt. Kilimanjaro, Tanzania. Source: Root zone plant-available water holding ca-
pacity of the Sub-Saharan African Soil (AFSIS; Leenaars et al.,2015)

Table S3.3: Model parameter description and values

Parameter Description Unit Min Default Max

CL0 Initial value of leaf carbon content kg C m -2 0.0001 0.05 1

CR0 Initial value of root carbon content kg C m -2 0.0001 0.05 1

CW0 Initial value of wood carbon content kg C m -2 0.0001 0.05 1

KSINKPPAR Parameter for calculation of storage
organs' sink strength

m2 d MJ-1 0.275 0.55 1

SINKL Sink strength for leaves - 0.3 1.2 10

SINKW Sink strength for stems and branches - 1.5 2.1 10

SINKR Sink strength for roots - 8 14 25

SINKPMAX Sink strength for storage organs - 1.5 40 70

TRANCO Transpiration coef�cient mm d -1 2 7.1 10

KEXT Light extinction coef�cient m 2 m-2 0.3 0.43 1

RUBISC Rubisco content g m-2 0.3 0.54 3

SLAMAX Maximum speci�c leaf area m 2 kg-1 C 25 27 35

FSLAMIN Lower bound of the range of SLA
expressed as the fraction of maximum

- 0.55 0.64 0.8

TCCLMAX Maximum lifespan of leaves d 200 550 800

TCCR Average lifespan of roots d 420 8000 10'000

RAINdoyHI Accumulated rainfall threshold that
triggers �owering starting from user
de�ned day of the year (i.e. beginning
of the dry season)

mm 400 1000 1500
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DAYSPLNOP Time between start and full
productivity

d 848 900 1213

TMATB Base temperature for bean maturation Degree days 8 10 12

TMATT Thermal time to bean maturation Degree days 2000 2780 3300

YG Growth ef�ciency kg C kg -1 C 0.5 0.65 0.75

FTCCLMIN Lower bound of range of leaves
lifespan expressed as the ratio of
maximum

- 0.5 0.64 0.8

ROOTD Root depth m 0.5 1 2

WCST Water content at saturation m3m-3 0.5 0.63 0.8

FWCFC Fraction of water content at �eld
capacity

- 0.3 0.65 0.8

FWCAD Fraction of water content at air
dryness

- 0 0.01 0.1

FWCWP Fraction of water content at wilting
point

- 0.2 0.41 0.6

FWCWET Fraction of water content at water
saturation

- 0.8 0.87 0.95

KRUNOFF Runoff constant, protection by LAI m 2m-2 0 0.5 1

Table S3.4: Selected virtual coffee genotype parameters

Parameter Unit Min Max

KSINKPPAR m 2 d MJ-1 0.3 0.8

SINKL - 0.6 2.4

SINKW - 1.5 2.5

SINKR - 2 3

SINKPMAX - 3 4

TRANCO mm d -1 6 8

SLAMAX m 2 kg-1 C 25 35

FSLAMIN - 0.55 0.7

FTCCLMIN - 650 1200

TCCR d 800 10'000

TMATT Degree days 2780 3370

YG kg C kg -1 C 0.5 0.75
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Table S3.5: Literature review on model parameter values for different Coffea arabicavarieties
and systems. More organized literature values can be found in Van Oijen et al.
(2010a) and in the supplementary information of Charbonnier et al. ( 2017).

Parameter System Variety/species Reference Values

Leaf area
index
[m leaf

-2msoil
-2]

Coffee agroforestry cv. Caturra Taugourdeau et al., 2014 2.4-4.4

Siles et al.,2010 2.2-4.7

Charbonnier et al., 2017 1.0-4.5

Coffee
monocropping

cv. Colombia Arcila-Pulgarín and C.,
1995

5.8-9.8

cv. Caturra Valencia, 1973 8

Shade trees Erythrina poep-
pigiana

Taugourdeau et al., 2014 0-1.18

Erythrina poep-
pigiana

Charbonnier et al., 2017 0-0.65

Inga densi�ora Siles et al., 2010 0.85-1.32

Coffee & shade
trees

cv. Caturra Taugourdeau et al., 2014 2.0-6.0

Coffee & shade
trees

cv. Caturra Siles et al., 2010 3.3-5.8

Coffee & shade
trees

cv. Caturra Charbonnier et al., 2017 1.0-5.15

Speci�c leaf
area [m2

kg-1]

Coffee
monocropping

Ethiopian vari-
eties 74-4, 74-40,
74-110

Bote et al.,2016 10.88

cv. Catuaí Ver-
melho IAC 44

Martins et al., 2014b 14

Coffee agroforestry Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 18.65

cv. Catuaí Ver-
melho IAC 44

Martins et al., 2014b 23

Leaf dry
matter
content [mg
g-1]

cv. Caturra Gagliardi et al., 2015 270.8-433.21

Leaf area
[cm2]

Not speci�ed cv. Caturra Martin et al., 2017 14.1-96.7 [35.2]

Not speci�ed 129genotypes Montagnon and Bouhar-
mont, 1996

40.0-62.4

Coffee
monocropped

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 45

Coffee agroforestry Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 60
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Leaf carbon
[%]

Not speci�ed cv. Caturra Martin et al., 2017 46.64-59.82

Light use
ef�ciency [g
MJ-1]

Coffee
monocropped

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.23

Coffee agroforestry Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote and Vos, 2016 0.45

Not speci�ed cv. Caturra Charbonnier et al., 2017 0.53 +-0.05

Leaf weight
ratio [g g -1]

Coffee
monocropped

Ethiopian vari-
eties 74-4, 72-40,
74-110

0.368

Coffee agroforestry Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.403

Leaf weight
ratio [%]

No speci�ed cv. Caturra Charbonnier et al., 2017 0.25-0.6

Total plant
dry matter
[g tree-1]

Coffee
monocropping

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 1277.9

Coffee agroforestry Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 707.6

Root to
shoot ratio
[-]

Coffee monocrop-
ping

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.166

Coffee agroforestry Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.12

Wood
weight
ratio [%]

Not speci�ed cv. Caturra , Charbonnier et al., 2017 0.25-0.4

Fruit weight
ratio [%]

Not speci�ed cv. Caturra Charbonnier et al., 2017 0.5

Ci/Ca [-] Coffee
monocropping

cv. Catuaí Ver-
melho IAC 44

Martins et al., 2014c 0.6175

Coffee agroforestry cv. Catuaí Ver-
melho IAC 44

Martins et al., 2014c 0.615

No speci�ed Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.58-0.65

Cc/Ca [-] Coffee monocrop-
ping

cv. Catuaí Ver-
melho IAC 44

Martins et al., 2014c 0.3575

Coffee agroforestry cv. Catuaí Ver-
melho IAC 44

0.355

Rubisco [g
m-2]

Coffee
monocroppping

cv. Typica Kanechi et al., 1996 2.1
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Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016* 0.6

cv. Catuí Ver-
melho IAC 44

Martins et al., 2014b 0.5

cv. Caturra Martin et al., 2017* 0.9

cv. Caturra Charbonnier et al., 2017* 0.6

Coffee agroforestry cv. Typica Kanechi et al., 1996 1.5

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016* 0.2

cv. Catuaí Ver-
melho IAC 44

Martins et al., 2014b* 0.4

cv. Caturra Martin et al., 2017* 0.3

cv. Caturra Charbonnier et al., 2017* 0.5

Light
extinction
coef�cent [-]

Coffee
monocropping

cv. Colombia Castillo et al., 1996a;
Castillo et al., 1996b

0.48

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.38

Coffee agroforestry cv. Caturra Charbonnier et al., 2013 0.43

Ethiopian vari-
eties 74-4, 72-40,
74-110

Bote et al.,2016 0.51

Not speci�ed cv. Mundo
Novo

Angelocci et al., 2008 0.53

* We assumed that 20% of leaf nitrogen is allocated to Rubisco.

For coffee, Kanechi et al.,1996found 0.44 of total soluble protein being Rubisco,

while Carmo-Silva et al., 2015; Evans,1989; Evans and Poorter, 2001found Rubisco

to constitute 0.1 to 0.3 of total leaf nitrogen content among a variety of C 3 crops.
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B AY E S I A N C A L I B R AT I O N A N D U N C E RTA I N T Y A S S E S S M E N T
O F A P R O C E S S - B A S E D C O F F E E M O D E L I N T H E C O N T E X T O F
C L I M AT E C H A N G E

with Peter Läderach, Philippe Vaast & Jaboury Ghazoul

4.1 abstract

Projections of the impact of climate change on agriculture are required to develop
timely adaptation strategies. Coffee (Coffea arabicaL.) is expected to be particularly
sensitive to climate change, yet impact assessments have predominantly relied on sta-
tistical approaches with temperature and precipitation as response variables due to
limited data availability. An increasing body of research has provided improved un-
derstanding of the ecophysiology of coffee and its response to environmental change.
However, access to observation data for calibration of more parameter rich models
remains challenging. Advanced parameter inference methods provide an opportu-
nity for bridging the gap between models and available data. This study conducts
an exploratory approach by combining Bayesian parameter estimation of a process-
based coffee model with Global Climate Model ensembles and past effects of El Niño-
Southern Oscillation for the case of Cajibío (1800m.a.s.l.), Cauca, Colombia. We com-
pare four calibration set-ups differing in assumed measurement error ( 1% vs. 20%)
of observed yield data, with, and without constraining leaf area index. Integrating
coffee model parameter uncertainty and climate change uncertainty allows for an im-
proved appreciation of plausible future pathways. Parameter estimation using only
yield data is not suf�cient when aiming for one `optimal' parameter set, but suf�ces
when the posterior uncertainty is of interest. Running the calibrated model using past
climate data identi�ed that El Niño induced drought stress is the main driver of in-
terannual yield variation, while La Niña did not affect yield negatively. An increased
biennial bearing pattern is expected at locations where La Niña induced increase in
cloud cover during �oral induction reduces yield. At the high elevation case study
site, increased climate variability might cancel positive effects of mean climate warm-
ing. We discuss promising ways to improving this approach when using yield data
across environmental ranges and alternative ways for exploring climate uncertainty
with particular focus on climate extremes.

4.2 introduction

Projections of the impact of climate change on agriculture are required to develop
timely adaptation strategies that mitigate negative effects on farmers' livelihoods, and
enable taking advantage of positive effects (Vermeulen et al., 2012). This is particularly
pertinent in view of the need to increase agricultural production to meet rising global
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demand (FAO, 2017), while simultaneously maintaining ecosystem functions.

Perennial tropical crops, such as coffee or cocoa, face several challenges in this re-
spect. First, the majority of farmers are smallholders with low access to resources,
which makes them very vulnerable (Samper and Quiñones-Ruiz, 2017). Second, plan-
ning for adaptation involving perennial crops is challenging, as the outcomes of deci-
sions might not be fully realized until many years later, when the climate and econ-
omy are likely to have changed. Third, much of the knowledge necessary for under-
standing the relationships between crops, weather, and soil requires long-term and
multi-locational studies, which are very scarce for perennial tropical crops. This cre-
ates important knowledge gaps and data constraints for climate change impact assess-
ment (Luedeling et al., 2014; Rahn et al., 2018; Van Oijen et al., 2010a). Finally, coffee
and cocoa are often planted in association with other crops and trees, increasing the
complexity of the system. Due to these challenges, climate change impact assessment
has mostly relied on statistical species distribution models (e.g. GLM and/or machine
learning methods) to analyze predicted climate change scenarios using current coffee
growing areas or nominal values on temperature and precipitation requirements as
baselines (Bunn et al., 2015a; Magrach and Ghazoul, 2015; Moat et al., 2017). These
studies raised the concern that predicted climate change scenarios might severely af-
fect coffee growing, particularly the growing of Arabica coffee ( Coffea arabicaL.).

Yet, many uncertainties remain that have not received suf�cient attention. For exam-
ple, climate change impact studies on coffee have mainly focused on mean changes
in climate with little consideration of extremes. On the other hand, several research
groups working in different coffee growing areas worldwide have gained important
insights on several aspects of coffee growth and its management (e.g. Arcila-Pulgarín
et al., 2002; Cannell, 1985; Charbonnier et al., 2017; Ghini et al., 2015). Two process-
based coffee growth models have been developed, one based on the Wageningen crop
models (Van Ittersum et al., 2003) which takes into consideration interactions with
shade trees (Van Oijen et al.,2010b) and one based on matrix population models ac-
counting for tritrophic interactions with an important coffee pest (Rodríguez et al.,
2011). Integrating this knowledge into climate change impact assessment methodolo-
gies is crucial for improving our understanding of possible impacts, and for learning
about adaptation options. This requires an approach that reconciles knowledge and
data from a variety of sources, which can be updated every time new knowledge
and data become available. Furthermore, attached uncertainties must be explicitly
considered if the results are to be used for decision-making and prioritization of fu-
ture research needs (Ghazoul and McAllister, 2003). As predictions into the future are
infeasible due to deep uncertainty (Walker et al., 2013), exploratory modelling and
analysis is suggested an appropriate methodology to exploit available information
through computational experiments (Bankes et al., 2013).

Process-based models are excellent tools to integrate current knowledge and formu-
late hypotheses, while Bayesian calibration allows a formal approach to bridging the
gap between the model(s) and the available data, including an explicit treatment of
uncertainty (Hartig et al., 2012; Reyer et al.,2016; Van Oijen et al., 2005). The Bayesian
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approach recognizes that there is often no optimal unique parameter set, since model
structures are never truly realistic. Instead, different possible parameter sets might
allow an equally well �t with observation data. This problem of non-identi�ability of
only one optimal parameter set is called equi�nality (Beven and Freer, 2001). By using
the Bayesian calibration approach we can estimate the marginal probability distribu-
tions for each parameter and a joint probability distribution for the model output. The
prior probability of a certain hypothesis (i.e. model structure and parameters) can be
updated every time new data become available. Furthermore, this probabilistic way
of dealing with predictions is suggested to allow more successful communication of
scienti�c research to non-scientists and reduce the risk for unintended consequences
(Ghazoul and McAllister, 2003).

In the �eld of agricultural sciences of perennial tropical crops there are very few re-
search stations that have suf�ciently detailed data to parameterize even relatively sim-
ple process-based models. On the other hand, many farms record their management
and yield either for own reference or because it is required by external certi�cation
bodies. Plantations managed by the private sector additionally collect many useful
data. This provides an untapped opportunity for researching the interactions between
coffee varieties and its environment (Klein et al., 2012). The question is, therefore, how
such data can improve our understanding on likely parameter values of process-based
models. Yield data alone are unlikely suf�cient to exclude unrealistic parameter sets.
In a Bayesian context, however, expert knowledge can be used to constrain other out-
put variables or alternatively, informal likelihood measures (Beven and Binley, 1992;
Smith et al., 2008) or likelihood-free inference such as in Approximate Bayesian Com-
putation (ABC) (Sadegh and Vrugt, 2014) can be used to de�ne limits of acceptability
to guarantee realistic model behavior.

Uncertainties in environmental systems modelling are related to input data, model
structure, model parameters, and calibration data. Input error in weather station data
can be aleatory (provided the missing values were estimated with a statistical model)
and systematic (the change in weather between the actual location of the meteoro-
logical station and the coffee plot of interest). Model structural de�cits (i.e. epistemic
uncertainty) can be represented using an ensemble of models (Wallach et al.,2016), or
be formally represented as an additive stochastic term in addition to measurement bi-
ases (Reichert and Schuwirth,2012). Measurement error of the observation data used
for calibration, on the other hand, can be adequately modeled as Gaussian noise. To
account for the uncertainty in future climate, crop modelling studies usually make use
of global climate model (GCM) ensembles (Ramirez-Villegas et al., 2013). The mean
of the ensemble has been identi�ed to best agree with observed climatology, at least
for the European case (Jacob et al.,2007), yet it is unclear whether this is also true for
simulations of climate change (Christensen et al., 2008).

If the crop model is designed for the same spatial resolution as the GCM which
is usually of 100 or 200 km or even more (e.g. Challinor et al., 2004), raw GCM out-
put can be used. Most crop models are designed for plot level use (e.g. one hectare)
and therefore need to adjust GCM output to that scale. This is not a trivial task, as
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the adjustment method needs to correct for errors caused by unresolved or missing
physical processes (Stevens and Bony,2013), and discretization and spatial averag-
ing within grid cells (Teutschbein and Seibert, 2012). At best, a �rst step would en-
tail the use of a regional climate model (RCM) driven by the GCMs to reach �ner
scale resolution (25-50 km). As this is computationally very expensive, this dynamical
downscaling method becomes unfeasible if applied to all GCMs. Another option is
to empirically adjust GCM output to the scale of interest through empirical down-
scaling and bias correction. The availability and ease of access of several empirical
methods for such adjustments, for example as provided by the CGIAR Research Pro-
gram on Climate Change, Agriculture and Food Security (CCAFS; http://www.ccafs-
climate.org/data/), is an excellent resource for facilitating climate change impact as-
sessment in agricultural and related sciences. Although these methods improve the
local representation of GCM output, there often remain important drawbacks lead-
ing to poor estimates. It is important, therefore, to not only use GCM ensembles but
also discuss important drawbacks and pertinent uncertainties arising when using the
estimates at local scale. Uncertainties regarding important thresholds for the crop of
interest and (lack of) representation of important climate variability (extremes) need
to be carefully evaluated (Ramirez-Villegas et al., 2013).

The aim of this study is to identify an adequate decision analytic framework for
climate change impact assessment enabling to explore adaptation of coffee farming to
climate change. This is done by: (i) investigating the information content of yield data
for estimating parameter values of a process-based coffee model by using Bayesian
inference; (ii) comparison of model parameter uncertainty with the uncertainty that
arises from different GCM predictions according to the four representative concen-
tration pathways (RCPs); (iii) complementing GCM impacts with past interannual
climate variability as reference for climate extremes; (iv) discussing what is required
for adequate communication of inherent complexities in climate change impact as-
sessment and the achievement of robust decision making.

4.3 material and methods

4.3.1 Coffee growth model

The coffee model has been described in detail by Van Oijen et al. (2010b) and Rahn et
al. (2018). It runs on a daily time-step and uses a mechanistic light-use ef�ciency (LUE)
approach which is a function of temperature, atmospheric [CO 2], light intensity and
the Rubisco content of upper leaves, to calculate canopy photosynthesis. LUE is mul-
tiplied with daily intercepted solar radiation, calculated as an exponential function
of leaf area index (LAI) and a constant light extinction coef�cient according to Beer's
Law for attenuation (Monsi and Saeki, 1953). Water stress decreases LUE proportion-
ally via the ratio of actual to potential transpiration rate (Kropff and Van Laar, 1993).
Carbon allocation to different plant organs depends on phenological stage (vegetative
growth, bean maturation) and is modulated by water availability. High fruit load can
come at the expense of (i) vegetative growth leading to `die back' (Vaast et al., 2005)
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in extreme cases, and (ii) the development of fruiting nodes and hence lower sink
strength of fruits in the following year (Bote and Vos, 2016; Vaast et al.,2005). Phenol-
ogy is based on thermal time (degree days) and �owering is induced by a threshold
amount of rainfall after the dry season (Carr, 2012; DaMatta et al., 2007). The intensity
of �owering is a function of monthly light intensity around �owering (Cannell, 1985;
Franck and Vaast, 2009). Leaf senescence varies depending on the degree of water
stress, while roots were set with a constant lifespan. Leaf growth is calculated as the
product of leaf biomass and speci�c leaf area. The latter is decreased by water stress.

A simple one-layer soil water balance is used to calculate the amount of water in
the root zone, whereby water is added by precipitation and lost through interception,
transpiration, evaporation, runoff and drainage (Van Keulen, 1986; Van Oijen et al.,
2010b). Potential transpiration depends on temperature, solar radiation, vapor pres-
sure and LAI and is calculated with the Penman equation (Penman, 1948). Actual
transpiration rate decreases below the potential rate when soil water content is below
a critical value, which is lower than �eld capacity by an amount that depends in-
versely on atmospheric evaporative demand (Driessen, 1986; Van Oijen et al., 2010b).
This critical plant available soil water content additionally depends on the sensitivity
of the coffee cultivar to drought. Waterlogging can hamper crop growth when soil
water content exceeds a given threshold. Evapotranspiration demand is partly cov-
ered by daily rainfall interception through foliage up to a maximum level which is
proportional to LAI (Siles et al., 2010; Van Oijen et al., 2010b).

4.3.2 Field data

Coffee yield was recorded at the experimental station of the Coffee Technological In-
novation Park in Cajibío, Cauca, Colombia located at an elevation of 1860m.a.s.l. The
climate is mild with mean annual temperature of 18.5 °C (24.6 and 13.9 mean annual
maximum and minimum temperature, respectively) and 2208 mm annual rainfall.
Coffee (Coffea arabicaL., Caturra) was planted in January 2009 at a density of 5000
plants per hectare after 8 months of nursery. Coffee cherry harvest was recorded on
a monthly basis by picking the mature cherries. Additionally, �owering dates and in-
tensity (very good, good, regular, scarce) were recorded. The main yield determining
�owering event occurs after the dry season between end of August and beginning of
September. Best agricultural practices were used, re�ecting yields close to the water-
limited yield potential. Soil analysis for micronutrients and macronutrients, soil or-
ganic matter content, pH, and soil texture was done at the laboratories of the Colom-
bian Coffee Research Institute (Cenicafé). Plants were fertilized taking into account
soil nutrient availability and coffee phenological stage. Pest and disease management
was done using best agricultural practices.

4.3.3 Climate data

Weather data was obtained from a meteorological station located 100 m from to the
experimental coffee plot and maintained by the Colombian Institute of Hydrology,



i

i

“thesis” — 2018/ 7/ 3 — 17:12 — page 98 — #111
i

i

i

i

i

i

4.3 material and methods 98

Meteorology and Environment (IDEAM). It records daily minimum, maximum, and
mean temperature [°C], total precipitation [mm], sunshine hours [h], mean relative
humidity [%], and total evaporation [mm] since 1979. Missing data was estimated
by nonparametric missing value imputation using Random Forest (Stekhoven, 2013).
Sunshine duration was converted to solar radiation (MJ m -2 day-1) using the Angstrom
formula with coef�cients provided by Guzmán et al. ( 2013).

Future daily bias corrected weather data (using the above mentioned IDEAM weather
station) was downloaded from the CCAFS website for all representative concentration
pathways (RCPs) of all available global climate models (GCMs) using all available cor-
rection methods. The available correction methods are; bias correction (nudging) with
and without variability (Hawkins et al., 2013; Ho et al., 2012), change factor with and
without variability (Ho et al., 2012; Tabor and Williams, 2010), and quantile mapping
(Gudmundsson et al., 2012). A comparison between the annual mean temperature
and total annual precipitation is presented in Figure 4.1. For the further analyses, we
chose to only use the quantile mapping climate data. Quantile mapping is considered
the more appropriate method, since it applies bias correction to all quantiles instead
of only the mean or mean and variance (Chen et al., 2013; Gudmundsson et al., 2012;
Teutschbein and Seibert,2012). The differences in the methods is shown in Figure 4.1
with respect to mean annual temperature and total annual precipitation. The available
GCMs per RCP using the quantile mapping correction is listed in the supplementary
Table S4.1.

Figure 4 .1: Comparison of different bias correction methods applied to future ( 2030-2060)
GCM output of different RCPs with respect to current ( 1983-2016) climatic con-
ditions. The correction methods differ greatly among each other, mainly in their
projections of total annual precipitation.

4.3.4 Calibration

Model parameters used in calibration are listed in Table 1. For the Bayesian calibration,
we assume a measurement error of observation data that is normally distributed. We
compare two assumptions; i) the observation data is almost perfectly known, with a
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measurement error of 1% and ii) a measurement error of 20%. We further compare
calibrations using i) only coffee yield (cv 01 and cv2) with ii) calibrations where we
constrain the model to reproduce realistic realizations of LAI (LAI-cv 01 and LAI-
cv2). Hereby, we assume a coef�cient of variation of 60% around the LAI value of 4,
allowing LAI to vary between 1.6 and 6.4 (Taugourdeau et al., 2014). In accordance
with Van Oijen et al. ( 2011) we used the likelihood function proposed by Sivia ( 2006):

p(Yjq) =
n

Õ
i= 1

1
si

p
2p i

1 � exp(� R2
i

2 )
R2

i

Where si is the coef�cient of variation representing measurement error of the ith
data point, and Ri is the difference between simulated and observed coffee yield di-
vided by si .

The posterior distribution was sampled by means of Metropolis Markov Chain
Monte Carlo algorithm (MCMC; Metropolis et al., 1953; Van Oijen et al., 2005). The
proposal distribution was tuned to be in the recommended range between 20-25%.
The remaining uncertainty of the model parameters and their perturbation to the un-
certainty in crop yield leads to an overestimation, as interactions among parameter
values are not acknowledged. We sampled 10,000 parameter vectors from the pos-
terior of each of these calibrations and ran the model with these 10,000 parameter
vectors to get a posterior sample of model output uncertainty under current and fu-
ture climate change scenarios.

We compare the maximum a posteriori probability (MAP) estimate and the poste-
rior probability of simulated coffee yield between the four calibration set ups among
all climate scenarios. The MAP is the mode of the posterior distribution and refers to
our best estimate given the considered uncertainties, while the posterior probability
refers to the entire uncertainty range. Prior uncertainty was sampled using the Latin
Hypercube algorithm from the tgp R package (Gramacy, 2007).

4.3.5 Climate change impact assessment

Mean climate change is quite well represented by using the GCM ensemble. Climate
variability on the other hand, might not be well represented by GCMs. According to
recent climate modelling evidence, extreme El Niño (Cai et al., 2014) and La Niña
(Cai et al., 2015) events are expected to double in the future in response to greenhouse
warming. To analyze the effect of the ENSO on coffee yield according to the model
estimates we used the MAP parameter set and ran the model for the 30 years of
weather data from 1983-2016. We compare the simulated yield with the ENSO indices
`Oceanic Niño Index' (ONI) and `Southern Oscillation Index' (SOI) from the `rsoi'
pack-age (Albers, 2017) to analyze the relationship between simulated coffee yield
and ENSO events. According to Trenberth (1997) and Tootle et al. (2008) three or more
consecutive months with ONI values above 0.5 / below - 0.5 indicate El Niño/La Niña
events, respectively. At least one month with values between - 0.5 and 0.5 represent a
neutral ENSO condition.
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Table 4 .1: Description and values of model parameter used in calibration

Parameter Description Unit Min Default Max

CL0 Initial value of leaf carbon content kg C m -2 0.0001 0.05 1

CR0 Initial value of root carbon content kg C m -2 0.0001 0.05 1

CW0 Initial value of wood carbon content kg C m -2 0.0001 0.05 1

KSINKPPAR Parameter for calculation of storage
organs' sink strength

m2 d MJ-1 0.275 0.55 1

SINKL Sink strength for leaves - 0.3 1.2 10

SINKW Sink strength for stems and branches - 1.5 2.1 10

SINKR Sink strength for roots - 8 14 25

SINKPMAX Sink strength for storage organs - 1.5 40 70

TRANCO Transpiration coef�cient mm d -1 2 7.1 10

KEXT Light extinction coef�cient m 2 m-2 0.3 0.43 1

RUBISC Rubisco content g m-2 0.3 0.54 3

SLAMAX Maximum speci�c leaf area m 2 kg-1 C 25 27 35

FSLAMIN Lower bound of the range of SLA
expressed as the fraction of maximum

- 0.55 0.64 0.8

TCCLMAX Maximum lifespan of leaves d 200 550 800

TCCR Average lifespan of roots d 300 650 1000

DAYSPLNOP Time between start and full
productivity

d 848 900 1213

TMATB Base temperature for bean maturation Degree days 8 10 12

TMATT Thermal time to bean maturation Degree days 2000 2780 3300

YG Growth ef�ciency kg C kg -1 C 0.5 0.65 0.75

FTCCLMIN Lower bound of range of leaves
lifespan expressed as the ratio of
maximum

- 0.5 0.64 0.8
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4.4 results

4.4.1 Bayesian calibration

Calibration reduced model output uncertainty signi�cantly (Figure 4.2). Using the
prior marginal parameter uncertainty results in unrealistically high yield values, due
to high interaction effects among parameters and too wide value ranges of some pa-
rameters. The calibrated posterior uncertainty of the model output, on the other hand,
re�ects the propagated uncertainty of the joint probability of the parameters. This
means that only parameter constellations were retained that result in yield values
close to the observed values, as de�ned by the likelihood function.

On average, parameter uncertainty was reduced by 56, 57, 58, and 61% for cv01,
cv2, LAI-cv 2, and LAI-cv 01, respectively. Counter to what we expected, using two
calibration variables did not reduce the output uncertainty to a greater extent com-
pared to using only one calibration variable. One of the main differences between
the calibrations using 1% or 20% measurement error, is that the 1% measurement
error represents the nuances of biennial bearing, while the 20% measurement error
approximates the mean yield rather than the interannual variation. The parameters
with highest uncertainty reduction were light extinction coef�cient, Rubisco content,
sink strength of leaves and berries, and time between planting and full productivity.

Calibration improved model �t to observation data signi�cantly. The prior (default)
parameter set had a normalized root mean square error (NRSME) of 1.93. The MAP
of the calibrations using only yield resulted in a NRSME of 0.136and 0.140for the 1%
and 20% measurement error, respectively. While the NRSME of the MAP using both
yield and LAI for calibration was 0.129 and 0.162 for the 1% and 20%, respectively.
Hence, NRSME was lower for calibration when low measurement error was assumed,
while using two variables (i.e. yield and LAI) for calibration increased NRSME only
when assuming low measurement error.
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Figure 4 .2: Prior and posterior uncertainty of simulated coffee yield. Posterior uncertainty
for different likelihood functions of 1% (Yield: 1% cv vs. Yield & LAI: 1%) and
20% (Yield: 20% cv vs. Yield & LAI: 20% cv) measurement error and using only
yield vs. yield and LAI for calibration. Sample size of 10000using Latin Hyper-
cube for prior and posterior uncertainty. Horizontal solid line represents mean
observed yield between 2011and 2015, with standard deviations as dashed lines.

4.4.2 Climate change induced changes in yield of maximum a posteriori (MAP)

Climate uncertainty as represented by the GCM ensemble is best presented when us-
ing only the `optimal' parameter set as identi�ed by calibration, i.e. MAP. Figure 4.3A
shows the changes in MAP of coffee yield induced by the different GCMs and RCPs
for the used calibration set-ups assuming full acclimation to elevated [CO 2]. When
using the MAP parameter set assuming only a 1% measurement error, the majority of
GCMs induce a coffee yield decrease (between +3% to -25%), while no or a slightly
positive change in yield is more likely when assuming a measurement error of 20%.
Only few GCMs, mostly from the RCP 8.5 scenario induce large decreases in yield
and appear as outliers. The different RCPs do not differ greatly in the mode of the
yield change distribution, yet the range/uncertainty increases with increasing [CO 2].
Contrary to our expectations, the difference in the spread of coffee yield change of
the different calibrations set-ups are quite similar.

Figure 4.3B shows the yield change when assuming no acclimation of the coffee
plant to elevated [CO 2]. This scenario leads mostly to a yield increase, whereby the
increase is greater at more elevated [CO2]. Interestingly, the effect on elevated [CO 2]
is much greater when only calibrating with yield and assuming a 2% measurement
error. The [CO2]-fertilization effect (i.e. difference between full and no acclimation to
elevated [CO2]) is on average 14.8% with a standard deviation of 6.8.
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Figure 4 .3: Average yield change between current (1985-2015) and future ( 2030-2060) cli-
mates, simulated with the maximum a posteriori (i.e. most likely) parameter
set using all GCMs per RCP. The density re�ects the uncertainty of the GCM
ensemble.

4.4.3 Climate change induced changes in yield including posterior uncertainty

Combining the posterior parameter uncertainty with the GCM and RCP induced cli-
mate change uncertainty, results in a wide range of likely shifts in mean coffee yield
(Figure 4.4). Compared to the MAP estimates, the mode of the simulated yield change
using the posterior parameter set has shifted upwards indicating that the most likely
mean yield change is positive. Furthermore, the differences between measurement er-
ror assumptions are minimized and yield projections are more consistent among the
different calibration set-ups. Interestingly, the uncertainty increases with increasing
RCP. Hence, the uncertainty in simulated yield as propagated by parameter uncer-
tainty is higher in a warmer climate. Although the predictions among the different
calibration set-ups are more similar using the posterior compared to the MAP dataset,
the LAI constrained calibration assuming 1% measurement error results in a less pos-
itive mean yield shift, particularly when following the hottest emission scenario; RCP
8.5. Supplementary Figure S4.1 additionally shows the equivalent of Figure 4.4A as
boxplots per GCM. The [CO 2]-fertilization effect (i.e. difference between full and no
acclimation to elevated [CO2]) is on average 13% (sd=6). When combining the poste-
rior uncertainty of all GCMs and RCPs as well as the two modelled [CO 2] acclimation
levels (Figure 4.5), there is a 50% likelihood that the future yield by 2050will increase
between 1.6 and 22.6%.
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Figure 4 .4: Average yield change between current (1985-2015) and future ( 2030-2060) cli-
mate, simulated with a sample from the posterior parameter set using all GCMs
per RCP. The density re�ects the parameter uncertainty combined with the un-
certainty of the GCM ensemble.
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Figure 4 .5: Average yield change between current (1985-2015) and future ( 2030-2060) cli-
mate, simulated with a sample from the posterior parameter set of four differ-
ent calibration set-ups, induced by GCM ensemble of all RCPs and combined
with uncertainty in level of plant acclimation to elevated [CO 2] (i.e. full and no
acclimation). Based on the available information there is a 50% likelihood that
the yield will increase between 1.6 and 22.6%. The likelihood that average yields
will decrease by 2050is less than 25%.

4.4.4 ENSO effect on MAP predictions

The El Niño Southern Oscillation is a natural reoccurring phenomenon happening
every 2 to 7 years. In Colombia it starts between April and June and reaches its maxi-
mum between December and February. Figure 4.6 shows the relationship between the
simulated water stress induced coffee yield decrease using the MAP parameter set
and the Oceanic Niño Index from 1983to 2016. The equivalent �gure using the poste-
rior parameter set is available in the supplementary Figure S 4.2. The ENSO induced
precipitation variability (supplementary Figure S 4.3) clearly affects simulated coffee
yield. The El Niño induced water stress leads to reduced yields with negative effects
continuing in the following year(s). The severity of the El Niño effect on simulated
coffee yields depends on the intensity and duration of the event (which varies from 7
months to 4 years) and the precipitation regime preceding the event. The long El Niño
event from 1991 to 1995 (Trenberth and Hoar, 1996) led to a yield decline over sev-
eral years. The ENSO induced yield variability leads to strong interactions between
vegetative and reproductive growth. La Niña induced reduction in �oral initiation
leads to more vegetative growth with high water availability that leads to increased
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yield the following year. This is a typical pattern of biennial bearing. The mean dif-
ference between irrigated and rainfed coffee yield provides indications of the El Niño
induced drought stress. The average yield decrease due to water stress is11%, with a
minimum of 3% and a maximum of 24%.

Figure 4 .6: Water stress induced yield decrease (i.e. difference between rainfed and non-
water stressed coffee yields) using the maximum a posteriori simulated coffee
yield for the period of 1983 to 2016. Grey bars represent the water stress in-
duced yield decrease [%] and the black lines represent the Oceanic Niño Index
(ONI). The blue negative ONI represent La Niña years, while the red positive
ONI represent El Niño years. Water stress induced yield decrease increases with
duration and intensity of El Niño event. The response often shows a time lag.

4.5 discussion

4.5.1 Integrating parameter uncertainty with climate uncertainty

Although, the importance of quantifying uncertainties of model parameter estimates
has gained increased recognition (Confalonieri et al., 2009; Wallach, 2011), it has not
yet been fully applied in the agricultural sciences (Alderman and Stan�ll, 2017). More-
over, only few studies combined parameter and climate uncertainty so far; Iizumi et
al. (2011) and Ramirez-Villegas et al. (2017), for example, combined both uncertainties
by using large-scale crop models and Reyer et al. (2016) by using a forest model. Not
integrating model parameter and climate uncertainty can lead to over- or underesti-
mated impacts (Wallach and Thorburn, 2017). Our study showed that depending on
the combination of model parameters (i.e. plant traits), the degree of acclimation to
elevated [CO2], and GCM, the climate change effect can lead to reduced, maintained,
or increased yields. However, when combining all of this information, an increase in
coffee yield is most likely (Figure 4.5). The importance of including as much of the
known uncertainties as possible is illustrated when comparing the MAP and poste-
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rior yield changes as driven by the GCM ensemble (Figure 4.3 and 4.4). While the
`optimal' parameter set identi�ed by calibration (i.e. MAP) indicates that yield will
most likely decrease by 2050, the posterior prediction indicates a more likely yield
increase. This clearly exempli�es the problem of equi�nality (Beven and Freer, 2001),
where several parameter sets may produce calibrations of similar quality, yet leading
to very different predictions and conclusions. Furthermore, little difference between
the calibration set-ups (different measurement error assumptions and data types for
calibration) were found for the posterior yield predictions as opposed to the MAP
yield predictions. Hence, using the posterior instead of only the `optimal' parameter
set is of crucial importance for decision-making to avoid maladaptation.

4.5.2 Understanding the impacts of interannual variability and climate extremes

There are many uncertainties regarding the level of representativeness of climate ex-
tremes by GCMs (Otto, 2017) and bias correction methods (Ehret et al., 2012; Maraun
et al., 2017). Therefore, in addition to evaluating bias corrected GCM impact on cof-
fee yield, we also analyzed past interannual variability. The ENSO is the main factor
leading to climate extremes at the study site (Peña-Q. et al., 2016), and increasing fre-
quency of extreme El Niño and La Niña events are expected in the future (Cai et al.,
2014; Cai et al., 2015). Past ENSO impacts, therefore, serve as a useful reference for
future increased ENSO impacts. We found a clear relationship between the ONI and
simulated yield. El Niño induced drought has a strong effect on reducing yields (up
to 15% yield reduction), while La Niña did not have a negative effect. La Niña events
lead to increased precipitation whereby increased cloud cover often reduces solar radi-
ation during �oral induction and thereby reducing yield (Gaitan et al., 2016; Ramírez
et al., 2011). Yet, this was not the case at our study site (Figure S4.2). Nevertheless, cau-
tion is required as the �owering process and its interaction with climatic drivers are
still insuf�ciently understood (Alves and Mazzafera, 2008) and the model therefore
might not represent this process well enough. For example, although waterlogging
reduces LUE in the model, it does not directly reduce �owering (Ramírez et al., 2011)
nor is �owering reduced by supra-optimal temperature (Drinnan and Menzel, 1995).
Currently, the model takes two �owering reducing factors into consideration, namely,
water stress and/or reduced light availability. Next to these reducing factors that act
directly on �owering, indirect factors such as reduced carbohydrate supply reduce
�owering and bean �lling. Therefore, generally speaking, El Niño has a negative ef-
fect on coffee plant health due to water stress, while La Niña reduces �oral induction
due to reduced light availability leading to lower yield, yet not affecting plant health
negatively (as long as waterlogging does not occur). Due to the biennial bearing pat-
tern caused by the competition between reproductive and vegetative growth, La Niña
can lead to increased yield the following year.

4.5.3 Communicating uncertainty in decision making contexts

The presented exploratory approach of combining Bayesian parameter estimation
with GCM ensembles and past ENSO effects, leads to a robust basis for decision-
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making, allowing consideration of different plausible future pathways each with their
respective likelihoods. Our analysis shows that the uncertainty increases with the in-
crease in emission scenario, which makes sense, as the low emission scenarios are
more similar to the known current conditions. Including the extremes of plant accli-
mation to [CO 2] (i.e. no and full acclimation) provides useful insights on plausible
impacts of increasing [CO2] in combination with changes in temperature and rainfall.
One of the key advantages of the Bayesian approach is the ability to constantly up-
date the model with new data, therefore providing the basis for adaptive management
(Ghazoul and McAllister, 2003). Moreover, transparency in the uncertainties related to
any prediction are necessary to avoid overstating the reliability of the results, thereby
potentially causing a lack of trust from decision makers (Haerlin and Parr, 1999).

Nevertheless, it is important to be aware that many uncertainties cannot be quanti-
�ed. First, it is questionable whether GCM ensembles can provide decision-relevant
probabilities of future climate (Dessai et al., 2009; Knutti et al., 2013; Stainforth et al.,
2007). Second, many local scale processes (e.g. Seneviratne et al.,2010) are not con-
sidered by the coarse scale of GCMs and are not corrected by current bias correction
methods (Cannon et al., 2015; Maraun et al., 2017). This is why we complemented
the GCM impacts with past interannual impacts. An interesting way forward to over-
come some of these drawbacks is to complement long-term projections provided by
GCMs with seasonal (i.e. few months) weather predictions (Hazeleger et al., 2015).
This would allow to better focus on speci�c weather events that are of particular
interest to the impact assessment objective. Making use of `what if' scenarios and
`analogue' simulations informed by weather model simulations enables to more fully
explore the uncertainty of future climate tailored to the decision-making context. The
use of reference years of past extreme events provides important `analogues' from the
past, and they facilitate the description of the physical mechanisms and implications
(Hazeleger et al., 2015). Furthermore, the prior experience of similar extreme weather
events by the relevant stakeholders in�uences adaptive measures and preparedness
for future extremes (Siegel et al., 2003; Vasileiadou and Botzen, 2014). Learning (ex-
perimentally and through modelling) about the possible responses of the coffee va-
rieties and management options to locally speci�c weather characteristics can help
identifying plant traits and agricultural practices that are relevant to the local context.
Moreover, in a transdisciplinary setting, this learning can help formulate an enabling
policy environment for successful adaptation measures.

4.5.4 Options for improving parameter inference

Extending the calibration data set to other observed variables, such as leaf area index
or biomass content is unlikely an option, as farmers generally do not register such
data, although the increasing use of drones by large plantation owners is making this
more possible. There is, therefore, the potential to increase the availability of LAI data
in the future. High-resolution satellite imagery could likewise be used for deriving
LAI estimates. Another option that might improve the constraining of model param-
eters is using yield data from multiple farms located in different environments. This
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can be done by using hierarchical Bayesian modelling to make use of yield observa-
tions at multiple sites. The hierarchical approach allows to account for trait variation
in space (spatial variability) or accounting for differences regarding coffee varieties or
age (Dietze et al.,2008). This variability is captured by the so-called hyperparameters
that are not �xed but variable with a speci�ed standard deviation. For example, if we
have two plots with different coffee varieties, we can represent the varietal speci�c
parameters as hyperparameters. Analogously, plot level differences in coffee age as a
result of selective pruning could be accounted for this way. Equally, when using the
model on a regional scale, parameters related to traits that exhibit important spatial
variability could be represented in that way (e.g. Finley et al., 2011). Finally, improved
sampling algorithms to approximate the posterior, such as the Differential Evolution
Adaptive Metropolis (Vrugt et al., 2009), provide opportunities to improve the calibra-
tion process, although Bagnara et al. (2018) found the Metropolis-Hastings Random
Walk algorithm to be equally effective as the more complex Adaptive Metropolis and
Differential Evolution Markov Chain algorithms. In addition to improving parame-
ter inference, model structural uncertainty needs to be explicitly accounted for. This
could be done by adding a stochastic bias term (Reichert and Schuwirth, 2012), and by
improving structural realism with a minimum increase in the number of parameters
(Challinor et al., 2018). Different model structures can be compared acknowledging
parameter uncertainty by using Bayesian calibration (Fu et al., 2012; Minunno et al.,
2013; Van Oijen et al., 2013). Alternatively, crop model ensembles could be used, which
is currently the dominant approach used within the crop modelling community (Wal-
lach et al., 2016).

4.6 conclusions

This study integrated coffee model parameter uncertainty as quanti�ed using Bayesian
inference, with climate change uncertainty as estimated by the GCM ensemble. We
tested four calibration set-ups, namely, (i) with and (ii) without measurement error
of calibration data and by using (iii) only yield or (iv) yield and LAI for calibra-
tion. We found that making predictions with the `optimal' parameter set as identi-
�ed through calibration (i.e. MAP) of any of the tested calibration set-ups, can lead
to poor estimates of future yield changes. Exploring as much as possible of the ex-
plained and unexplained uncertainty range is necessary for climate change impact
assessment. Explained uncertainty can be quanti�ed, while unexplained uncertainty
needs to be dealt with qualitatively. This, therefore, requires extending the used ap-
proach to include coffee model structural uncertainty. The proposed exploratory as-
sessment of future trajectories is suggested to improve the communication of the
complexities inherent in climate change impact assessment. This is particularly rel-
evant in the case of tropical perennial crops with relatively little observational data
of key ecophysiological aspects important in understanding likely impacts of climate
change. In order to improve the probabilistic assessment, new ways of representing
future climate scenarios would be desirable. New avenues where GCM ensembles are
complemented with seasonal weather predictions enable improving locally relevant
climate-vegetation feedbacks leading to climate extremes. Extending this framework
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to a variety of geographies will allow a comparative analysis of robust climate change
impact assessments under differing environmental constraints.
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Table S4.1: Available GCMs per RCP from the CCAFS website.

GCM RCP 2.6 RCP 4.5 RCP 6.0 RCP 8.5

Bcc-csm1-1 X X X X

Bcc-csm1-1-m X X X X

Bnu-esm X X X

Cccma-canesm2 X X X

Cnrm-cm5 X

Csiro-mk3-6-0 X X X X

Gfdl-cm 3 X X X X

Gfdl-esm2g X X X X

Gfdl-esm2m X X X X

Ipsl-cm5a-lr X X X X

Ipsl-cm5a-mr X X X X

Miroc-esm X X X X

Miroc-esm-chem X X X X

Miroc-miroc 5 X X X X

Mohc-hadgem2-es X X X X

Mpi-esm-lr X X

Mpi-esm-mr X X X

Mri-cgcm 3 X X X X

Ncc-noresm1-m X X X X

Nimr-hadgem 2-ao X X

Total 18 20 14 19
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Figure S4.1: Average yield change between current (1985-2015) and future ( 2030-2060) cli-
mate, simulated with a sample from the posterior parameter set using all GCMs
per RCP. The simulations are based on the assumption that the coffee plant fully
acclimates to elevated [CO2]. The boxplots re�ect the parameter uncertainty
combined with the uncertainty of the GCM ensemble. Outliers were removed
for improved visualization of the key message.

Figure S4.2: Difference between El Niño, La Niña and ENSO-Neutral conditions of monthly
precipitation (mm) and solar radiation (MJ m -2 y-1) totals.
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Figure S4.3: Monthly precipitation [mm] during El Niño, La Niña and ENSO-Neutral con-
ditions.
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G E N E R A L C O N C L U S I O N S

"Student: Dr. Einstein, Aren't these the same questions as
last year's [physics] �nal exam?
Dr. Einstein: Yes; But this year the answers are different."

— Albert Einstein

Assessments of climate change impacts on coffee have so far relied on statistical
niche modelling due to low data availability. The �ndings have indicated dramatic
declines in climatically suitable areas in the future, mainly at lower elevations of low
latitude (Bunn et al., 2015a) and negative impacts on coffee quality (Läderach et al.,
2017), while higher elevations might gain suitable areas. As a result, this could lead to
signi�cant land-use change, increased vulnerability of coffee dependent livelihoods
and a possible shortage of coffee supply, if no investment in adaptation measures is
undertaken. Depending on the level of progressing climate change, adaptation can
be either incremental or transformative (Läderach et al., 2017). Incremental adapta-
tion ensures that coffee can continue to be commercially viable in areas experiencing
low level of changes. On the other hand, areas with higher levels of climate change
will require transformative adaptation implying the replacement of coffee with other
crops or leaving agriculture entirely. Incremental adaptation strategies therefore refer
to adapting agronomic management to the new climatic conditions, such as adopting
new coffee varieties or making changes regarding shade management. Shade manage-
ment as an adaptation strategy has attracted signi�cant interest due to the synergies
with climate change mitigation efforts (Rahn et al., 2014; Vaast et al.,2016) and the fo-
cus on biodiversity conservation within agricultural landscapes (Baudron and Giller,
2014; Sayer et al.,2013). The aim of this thesis was to contribute to an improved un-
derstanding of where, when and how shade management can be bene�cial for coffee
with special focus on shade as a climate change adaptation strategy. This required an
improved representation of the coffee plant's response to a changing climate including
related uncertainties. In addition to the bene�t of shade for the coffee plant, consider-
ation of socio-ecological trade-offs are of imminent importance for understanding the
bene�t of shade to farmers' livelihoods.

5.1 tailoring shade recommendations to socio -ecological hetero -
geneity

Smallholder farmers adapt their farming systems to the socio-ecological constraints
based on intergenerational knowledge transfer, experimentation, learning within the
community and by interacting with agricultural service providers, such as input sup-
pliers and public and private extension agents (Ojiem et al., 2006). This has led to
highly heterogeneous farming systems, requiring integrated assessments of trade-offs
to identify recommendations for improving farm productivity targeted to speci�c

122
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types of farms (Giller et al., 2011).

This diversity of coffee agroecological systems and its relationship to coffee yield
and shade tree species diversity was analysed in Chapter 2 along an altitudinal tran-
sect (1000-2200m.a.s.l.) within the Mount Elgon area of Uganda. Coffee yield was pos-
itively correlated with elevation. Vegetation structure only affected coffee yield at low
elevations, with a bene�cial effect of increased shade cover. Various socio-ecological
factors either facilitate or constrain certain management options. For example, high
intercropped banana densities were possible at high elevation likely due to abun-
dant rainfall, while high canopy cover from shade trees were more prevalent at low
elevation where high temperature and drought stress are of greater concern. Next
to climatic factors, other aspects correlated with elevation such as distance to urban
markets and forests might partially in�uence the choice of agro-ecosystem. The high
banana densities at high elevations could therefore also be a response to the remote-
ness from major markets leading to higher reliance on growing food crops on their
farms, yet less reliance of tree based products due to the proximity to the forest. Land
availability also acts as a constraining factor, leading farmers with small farm and
plot sizes to increase intercropping densities to guarantee food security, rather than
aiming for increased cash pro�ts through the selling of coffee. The highly heteroge-
neous farming systems found along the altitudinal gradient of Mt. Elgon, indicates
that any intervention towards sustainable intensi�cation needs to take these multidi-
mensional constraints into account, in order to avoid any unexpected negative conse-
quences. Dealing with this complexity requires innovative participatory approaches
based on a conceptual model taking into account environmental drivers, household
dynamics, and resource and market access. Knowledge on cultural, socio-economic
and agro-ecological complexities are required to successfully navigate the constraints
and opportunities required for identifying pathways for improvements in agricultural
practices contributing to sustainable intensi�cation.

One approach to deconstruct the biophysical constraints relevant for identifying
options for sustainable intensi�cation is the use of process-based models (Chapter 3).
This approach proved useful to explore adaptation options to climate change through
shade management. Several key �ndings relevant for the success of coffee farming in a
warming future can be obtained by combining the insights from Chapter 2 and 3. Low
elevation areas will be most severely affected by climate change. Adaptation to climate
change will require the adoption of improved varieties that are more resistant to heat,
water stress and pests and diseases in combination with adequate shade tree and
nutrient management. Soil water holding capacity, rainfall regime and temperature
determine which traits of coffee varieties and shade tree species are best suited at the
place of interest. Implementation of climate smart practices should follow the climate
smart investment pathways proposed by Jassogne et al. (2017). Accordingly, farmers
are segemented into different types based on structural (resource endowments) and
functional (entrepreneurship) indicators to match adequate management approaches
to farmers' capacity. Climate smart practices are classi�ed according to the costs and
bene�ts, which can then be implemented in a step-wise procedure.
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5.2 deconstructing biophysical constraints , exploring coffee ' s plas -
tic abil ity for adaptation and facil itative and competit ive in -
teractions with shade trees

Shade management has received strongest interest as adaptation strategy, due to the
provision of multiple ecosystem services by trees (Vaast et al., 2016). In Chapter 3, I
explored the success of adapting coffee to climate change through shade tree associ-
ation. This required an explicit representation of coffee ecophysiology with climate
and soil as boundary conditions, opposed to the more top-down perspective of pre-
vious climate change impact assessment studies of coffee, with monthly temperature
and precipitation as the only explanatory variables and the coffee response modelled
as binary presence/absence data. The ecophysiological response to differing environ-
mental conditions and different degrees of shade requires appropriate consideration
of phenotypic and genotypic plasticity. Yet, our understanding of all these issues is
still incomplete, requiring adequate ways of dealing with uncertainty and a critical
assessment of the meaning of the model outputs. Some aspects have been intention-
ally excluded for simplicity, such as nutrient limitation and competition, root niche
differentiation and pests and diseases. A trait-based approach is suggested to be a
useful way forward in guiding data collection and improving the mechanistic rep-
resentation of phenotypic and genotypic plasticity in crop models. Plant traits and
their relationship to environmental drivers are of major interest for selecting appro-
priate genotypes, identifying ideotypes for breeding more adapted genotypes, and
for designing multispecies agroecological farming systems (e.g. diverse agroforestry
systems). Analysing plant traits of coffee varieties and shade tree species is suggested
to provide high explanatory power for regulating facilitative and competitive interac-
tions. Such an understanding is required to reduce the risk of maladaptation. Finally,
because farmer decision making regarding agronomic management is often based on
the evaluation of plant traits, improved communication between farmers' experiences
and research results is expected.

5.3 dealing with deep uncertainty in climate change impact assess -
ment

Dealing with the highly uncertain future socio-economic and climatic changes and
their associated impacts is extremely challenging (Dessai et al., 2007). In the climate
sciences, this deep uncertainty has been approached by using different representative
concentration pathways (RCPs), each modelled by an ensemble of different Global
Climate Models (GCMs). Yet, translating GCM outputs to local scales adds another
layer of uncertainty and many methods are being developed to deal with these issues
(Maraun et al., 2017; Sippel et al., 2016). In the agricultural sciences, uncertainty in
predictions of crop models can be tackled in a similar way, yet there is an important
difference. Crop models, in comparison to GCMs, are suf�ciently simple and relatively
low in computational demand to be run several thousand times to explore uncertain-
ties in model parameters. Hence, this parametric uncertainty needs to be accounted
for, particularly due to the problem of equi�nality (Beven and Freer, 2001). Model
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structural uncertainty, on the other hand, can be approached by using an ensemble
of models of different structure (Wallach et al., 2016). Integrating both parameter and
climate change uncertainties have yet received only little attention (Iizumi et al., 2011;
Ramirez-Villegas et al., 2017; Reyer et al., 2016). In Chapter 4, I explored the uncer-
tainty of using observed yield data for model calibration using Bayesian inference.
The resulting posterior uncertainty was integrated with the climate uncertainty as
described by the GCM ensemble. This gives a more realistic perspective on likely fu-
ture impacts based on current knowledge and data availability. Furthermore, I have
shown that this approach can be used in different coffee growing areas where at
least some years of yield records exist. This approach therefore allows to combine all
relevant knowledge and information available for estimating the impact of different
management and climate scenarios. I argued that a promising way forward would be
to complement the long-term projections provided by GCMs with seasonal weather
predictions to focus on speci�c weather events of interest to the impact assessment
objective. This is particularly useful to shift our attention from the impacts of mean
climate change to dealing with climate extremes.

5.4 future development

The effects of light, temperature and water on �oral initiation, dormancy and �ower-
ing success are still very controversial (Alves and Mazzafera, 2008) and no informa-
tion on the interactive effects of high temperature or water stress and elevated [CO 2]
exist. With increasing temperature during �oral initiation and �owering, this lack of
information could potentially constitute the main bottleneck in understanding climate
change impacts on coffee yield. The main question is whether �owering success can
bene�t from the physiological effects of elevated [CO 2] or whether temperature stress
independently affects non source-sink interactions in male and female reproductive
development (Ruan et al., 2012; Sage et al.,2015). Changes in precipitation variability
leading to more dispersed or concentrated �owering patterns can furthermore change
source-sink interactions affecting �nal coffee yield and quality and also affect harvest-
ing costs.

Similarly, many uncertainties remain regarding the impact of climate change on
coffee bean quality. While the acceleration of bean maturation due to increased tem-
perature, resulting in an increased carbohydrate, nutrient and water demand, often
leads to decreased coffee bean quality, little is known whether this will be amelio-
rated by elevated [CO2]. Although a recent study by Ramalho et al. ( 2018) indicated
that elevated [CO2] could constitute a key aspect in maintaining bean quality even
under supra-optimal temperature. Furthermore, while recent research has indicated
that improved genotypes, shade management and the fertilization effect of elevated
[CO2] might be able to reduce several of the negative impacts of increased mean tem-
perature and drought stress (Dubberstein et al., 2018), important uncertainties prevail
regarding the future frequency and intensity of climate extremes and its impacts. Im-
proved assessment of the impacts of future climate extremes is therefore a research
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priority.

Furthermore, the cost and bene�t of different adaptation strategies to climate change
will determine whether farmers will continue to grow coffee. This will strongly de-
pend on the input and coffee prices. Further research is therefore required to analyse
how different adaptation strategies link to other livelihood activities in order to avoid
substitution effects that reduce overall household pro�tability (Vellema et al., 2015).

Finally, another key concern is the protection of Arabica crop wild relatives (Moat
et al., 2017), which are a lot more vulnerable to climate change than modern coffee
varieties used elsewhere, yet constitute not only the mainstay for around 4 million
smallholder farms in Ethiopia, but are also important for plant breeding in the context
of climate change.
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Next to the three core chapters of my PhD, I was second author of other research
during my doctorate. One work is related to Chapter 2 focusing on coffee pests and
diseases along an altitudinal transect related to three coffee agro-ecosystems differ-
ing in vegetation structure. Farmer and expert perceptions were contrasted with �eld
observations to identify constraints and improvement options regarding information
�ow between scientists and farmers. This work was published in PLoS ONE and the
abstract can be found in appendix A. A review was submitted to Climatic Change
where we summarize various insights on the coffee physiological performance at ele-
vated [CO2] as evidenced by chamber and free-air [CO2] enrichment experiments in
addition to the results provided by the process-based coffee model presented in this
thesis. The abstract is provided in appendix B.
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Appendix A

Liebig T., Jassogne L.,Rahn E., Läderach P., Poehling H.M., Kucel P., van Asten P.
& Avelino J. ( 2016) Towards a collaborative research : A case study on linking science
to farmers' perceptions and knowledge on Arabica coffee pests and diseases and its
management. PLoS ONE11(8): e0159392. Doi:10.1371/journal.pone. 0159392.

Abstract
The scienti�c community has recognized the importance of integrating farmer's per-
ceptions and knowledge (FPK) for the development of sustainable pest and disease
management strategies. However, the knowledge gap between indigenous and scien-
ti�c knowledge still contributes to misidenti�cation of plant health constraints and
poor adoption of management solutions. This is particularly the case in the context of
smallholder farming in developing countries. In this paper, we present a case study
on coffee production in Uganda, a sector depending mostly on smallholder farming
facing a simultaneous and increasing number of socio-ecological pressures. The ob-
jectives of this study were (i) to examine and relate FPK on Arabica Coffee Pests
and Diseases (CPaD) to elevation and the vegetation structure of the production sys-
tems; (ii) to contrast results with perceptions from experts and (iii) to compare results
with �eld observations, in order to identify constraints for improving the information
�ow between scientisits and farmers. Data were acquired by means of interviews and
workshops. One hundered and �fty farmer households managing coffee either at sun
exposure, under shade trees or intercropped with bananas and spread across an alti-
tudinal gradient were selected. Field sampling of the two most important CPaD was
conducted on a subset of 34 plots. The study revealed the following �ndings: (i) Per-
ceptions on CPaD with respect to their distribution across elevations and perceived
impact are partially concordant among farmers, experts and �eld observations. (ii)
There are discrepancies among farmers and experts regarding management practices
and the development of CPaD issues of the previous years. (iii) Field observations
comparing CPaD at different elevation and production systems indicate ambiguity of
the role of shade trees. According to the locality-speci�c variability in CPaD pressure
as well as in FPK, the importance of developing spatially variable and relevant CPaD
control practices is proposed.
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Appendix B

DaMatta F., Rahn E., Läderach P., Ghini R. & Ramalho J. (submitted) Why could
the coffee crop endure climate change and global warming to a greater extent than
previously estimated? Climatic Change.

Abstract

Coffee, one of the most heavily globally traded agricultural commodities, has been
categorized as a highly sensitive plant species to progressive climatic change. Here we
summarize recent insights on the coffee physiological performance at elevated [CO 2],
provide new data of crop yields obtained under free-air [CO 2] enrichment conditions,
discuss predictions on the future of the coffee crop as based on rising temperature and
emphasize the role of [CO2] as a key player for mitigating harmful effects of supra-
optimal temperatures on coffee physiology and bean quality. Additionally, inclusion
of elevated air [CO2] in a process-based model suggests that the effects of global
warming on the coffee suitability may be lower than previously assumed. We high-
light perspectives and priorities for further research to improve our understanding on
how the coffee plant will respond to present and progressive climate change.
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