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Abstract: The goal of sustainable coffee production requires multiple functions from agroforestry 12 

systems. Many are difficult to quantify and data are lacking, hampering the choice of shade tree species 13 

and agronomic management. Process-based modelling may help quantify ecosystem services and 14 

disservices. 15 

    We introduce and apply coffee agroforestry model CAF2021 16 

(https://doi.org/10.5281/zenodo.5725277). The model allows for complex systems with up to three shade 17 

tree species. It simulates coffee yield, timber and fruit production by shade trees, soil loss in erosion, C-18 

sequestration, N-fixation, -emission and -leaching. To calibrate the model, we used multivariate data from 19 

32 different treatments applied in two long-term coffee agroforestry experiments in Costa Rica and 20 

Nicaragua. 21 

    Without any further calibration, the model was then applied to agroforestry systems on 89 farms in 22 

Costa Rica and 79 in Guatemala where yields had been reported previously in farmer interviews. Despite 23 

wide variation in environmental and agronomic conditions, the model explained 36% of yield variation in 24 

Costa Rica but only 15% in Guatemala. Model analysis quantified trade-offs between yield and other 25 

ecosystem services as a function of fertilisation and shading. 26 

 27 
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1 Introduction 56 

 57 

The goal of sustainable coffee production requires multiple functions from agroforestry systems. Coffee 58 

productivity and other services should be high while disservices such as negative environmental impacts 59 

are limited. Here we use the collective term ecosystem services for all these processes, noting that some 60 

must be maximized and others minimized. Trade-offs between ecosystem services in agroforestry systems 61 

are complex. Shade trees compete for resources, and may thus reduce coffee yields, but they also provide 62 

income (Rice 2008) and, by improving the microclimate, stabilise yields in the face of environmental 63 

change as discussed in a recent review by van Noordwijk et al. (2021). 64 

    An important issue in the evaluation of coffee agroforestry (CAF) systems is that many ecosystem 65 

services are difficult to quantify, which hampers the choice of shade tree species and agronomic 66 

management. This is a particular problem in Central America, where mountainous topography with young 67 

volcanic soils leads to strong spatial variation in weather patterns and soil fertility. Together with a wide 68 

variation in management choices, this has led to strong variability in productivity (Haggar et al. 2021). It 69 

is likely also to cause strong variation in environmental ecosystem services, but not many data are 70 

available to estimate these. 71 

    Here we used a combination of data analysis and process-based modelling to quantify ecosystem 72 

services from coffee agroforestry on 89 farms in Costa Rica and 79 in Guatemala (Fig. 1). The same 73 

farms were studied previously by Haggar et al. (2021) who found that coffee productivity has no simple 74 

relationship with shade. Low-productivity farms tended to have either low or high shade. The 75 

measurements at these farms did not include ecosystem services related to carbon and nitrogen 76 

biogeochemistry. Here we estimated these ecosystem services using the new coffee agroforestry model 77 

CAF2021, which is freely available online (https://doi.org/10.5281/zenodo.5725277). The model differs 78 

from its predecessors CAF2007 (Van Oijen et al. 2010a) and CAF2014 (Rahn et al. 2018; Ovalle-Rivera 79 

et al. 2020) mainly in that it allows for more complex agroforestry systems with up to three different 80 

shade tree species. The model simulates a wide range of ecosystem services: coffee yield, timber and fruit 81 

production by shade trees, soil loss by erosion, soil carbon sequestration, nitrogen fixation, loss of 82 

nitrogen in atmospheric emissions and leaching. Other process-based models of coffee agroforestry have 83 

been developed in recent years (Charbonnier et al. 2017; Vezy et al. 2019). These models focus on plant 84 

physiology, and they simulate agronomy and biogeochemistry in less detail than CAF2021, which makes 85 

them less suitable to assess a wide range of ecosystem services. 86 

https://doi.org/10.5281/zenodo.5725277
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    Long-term field experiments that measure a broad suite of variables are required to parameterise and 87 

evaluate complex process-based vegetation models. To calibrate CAF2021, we used multivariate data 88 

from a total of 32 different treatments applied in two long-term coffee agroforestry experiments in Costa 89 

Rica and Nicaragua. A subset of these data was used earlier in the parameterisation of CAF2014 by 90 

Ovalle-Rivera et al. (2020). These authors only used data from 10 of the treatments because their model 91 

did not simulate agroforestry systems with more than one shade tree species. We used the same method of 92 

model parameterisation, i.e. Bayesian calibration, an increasingly common method for calibration and 93 

uncertainty quantification of process-based models (Van Oijen 2020). 94 

    The application of the model to the farms in Costa Rica and Guatemala constitutes a test of the 95 

predictive capacity of the model against independent data as farm information was not used in the 96 

calibration. The farm data were less comprehensive than the experimental data, so we also compare 97 

model output against the rich literature on the impact of shading and fertilisation on delivery of ecosystem 98 

services from coffee agroforestry systems in Central America (Soto-Pinto et al. 2000; Cannavo et al. 99 

2011; Meylan et al. 2013, 2017; Jha et al. 2014; Goodall et al. 2015; Sauvadet et al. 2019; Haggar et al. 100 

2021; De Leijster et al. 2021). 101 

    The goals of this study were threefold: 102 

• 1: Identifying the drivers of observed differences in productivity between farms and CAF types. 103 

• 2: Assessing the implications of aiming for any particular CAF type for biogeochemistry-related 104 

ecosystem services and sustainability. 105 

• 3: Assessing CAF2021 as a tool for studying coffee agroforestry systems. 106 

 107 

 108 

2 Materials and methods 109 

2.1 Data from experiments at Turrialba and Masatepe 110 

For model calibration, we used data from two long-term coffee agroforestry experiments at Turrialba in 111 

Costa Rica and Masatepe in Nicaragua. The experiments differed in various respects: choice of coffee 112 

cultivar and shade tree species, shade management, fertiliser types and amounts, weather conditions and 113 

soil properties. In both experiments, four fertilisation regimes were combined with different choices of 114 

one or two shade tree species, selected from Erythrina poeppigiana, Terminalia amazonia, Chloroleucon 115 



6 

 

eurycyclum, Samanea saman, Tabebuia rosea, Simarouba glauca, Inga laurina. Both experiments 116 

provided data on coffee, shade trees and soil, as reported by Haggar et al. (2011), Noponen (2012), 117 

Noponen et al. (2013), Sepúlveda (2016) and Ovalle-Rivera et al. (2020). We refer to these publications 118 

and to the Supplementary Information (S2) for further details. 119 

2.2 Data from farms in Costa Rica and Guatemala 120 

We used data from 89 coffee agroforestry (CAF) farms in Costa Rica and 79 farms in Guatemala 121 

collected by the SEACAF project (Haggar et al. 2021). In the present study, these data are used for 122 

independent testing of CAF2021 without any farm-specific model calibration. The farm locations are 123 

shown in Fig. 1. 124 

Table 1 summarises the environmental conditions at the on-farm CAFs grouped according to the typology 125 

of Haggar et al. (2021). The table includes average temperature and precipitation, but for running 126 

CAF2021 full time series of daily weather from 2005 to 2020 were derived from the WorldClim database 127 

(Fick and Hijmans 2017) with additional information for recent years from weather stations run by Icafe 128 

and Instituto Meteorológico Nacional in Costa Rica and by Anacafe in Guatemala. Soil water holding 129 

capacity was derived from soil texture information (bulk density, silt, clay) using a pedotransfer function 130 

tested for tropical soils (Tomasella et al. 2003; Tomasella and Hodnett 2004). Soil carbon and nitrogen 131 

stocks measured in the top 26 cm were extrapolated to 1 m depth assuming the top 26 cm contained 80% 132 

of the stocks. 133 

Table 2 with on-farm CAF system properties shows management practices for fertilisation and shading, 134 

and coffee yield. Some farms had reported implausibly high fertilisation rates which we capped at 500 kg 135 

N ha-1 y-1. We allocated farm-specific tree density data to the six species-types listed in the table (see also 136 

Table 3). Tree pruning and thinning regimes were not reported but had to be specified for running 137 

CAF2021. Trees were assumed to be pruned once per year, targeting each farm’s reported shade level, 138 

except for Erythrina which in Costa Rica tends to follow a prescribed twice-yearly 90% pruning regime. 139 

Tree thinning was only applied to Cordia following a prescribed calendar. Pruned branches were removed 140 

from the field in Guatemala while remaining on the field in Costa Rica. Dry coffee fruit production was 141 

calculated as one third of reported fresh yield (Sepúlveda 2016). 142 
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2.3 CAF2021 structure 143 

CAF2021 is a process-based model for the biogeochemistry of coffee agroforestry systems. We give a 144 

short description here, focusing on how the model differs from its predecessor models. The model and a 145 

user guide are freely available online (https://doi.org/10.5281/zenodo.5725277). 146 

CAF2021 simulates a coffee agroforestry system where the coffee plants are shaded by up to 3 tree 147 

species. The model allows for two lower-layer tree species, but no more than one upper-layer tree species. 148 

In typical use of the model the upper layer would be occupied by timber trees and the lower layer by 149 

service and fruit trees. The simulated tree species can have different initial planting densities and thinning 150 

regimes. The model simulates the biogeochemistry - flows of carbon, nitrogen and water - of the soil-151 

coffee-trees system. State variables are pools of carbon, nitrogen and water as well as coffee 152 

developmental stage. Height and crown area growth are simulated for each of the tree species. The model 153 

uses a daily time step and therefore requires daily weather data (light, temperature, rain, wind, humidity) 154 

as input. Further required inputs are atmospheric [𝐶𝑂2], soil properties (slope, water retention parameters, 155 

initial contents of C and N) and management calendars for fertilisation, pruning and thinning. The 156 

pruning and thinning calendars can be specified separately for each plant species. 157 

The outputs from the model are time series with daily values of state variables and processes including 158 

ecosystem services such as productivity of coffee and trees, N-leaching, N-emission, erosion in the form 159 

of soil organic matter loss (C & N) in runoff, C-sequestration in the soil. 160 

The model is implemented in FORTRAN but called from a user-interface written in R. 161 

CAF2021 differs from its predecessor models in the following respects: 162 

• There can be three tree species present rather than just one. All tree variables are implemented as 163 

dynamic arrays whose length equals the number of tree species. Users with experience in 164 

programming can therefore relatively easily extend the number of shade tree species beyond three. 165 

• Fruit production can be simulated. 166 

• Lower-layer trees do not overlap, so the number of ground-cover conditions (vertical vegetation 167 

profiles) in any simulated field is at most six: coffee shaded by (1) no trees, (2) service trees, (3) 168 

fruit trees, (4) timber trees, (5) service + timber trees, (6) fruit + timber trees. The model keeps track 169 

of the fractional ground area covered by each of these six categories (see Supplementary 170 

Information S1 for an example). 171 

• The relative heights, leaf area indices (LAI) and light extinction coefficients of the two competing 172 

tree species within ground cover categories (5) and (6) determine their access to light. 173 

https://doi.org/10.5281/zenodo.5725277
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• Morphology (tree height as a function of stem biomass and crown width as a function of branch 174 

biomass) is simulated using allometric equations but for each species a genetic or management-175 

induced maximum height can be specified. 176 

• Shade management can be fully specified using calendars for dates and intensities of pruning and 177 

thinning. Alternatively, it may be simulated as being goal-directed toward a specified shade level. 178 

Time series for selected output variables from CAF2021 are shown in the Supplementary Information (S1 179 

and S3). 180 

2.4 Bayesian calibration of CAF2021 181 

We calibrated the parameters of CAF2021 using a Bayesian approach to allow for uncertainty 182 

quantification. Data from the two long-term experiments in Turrialba and Masatepe that we described 183 

above were used for this purpose. These measurements were suitable for calibration of a complex model 184 

such as CAF2021 because they comprised a wide range of coffee, tree and soil variables. This reduced the 185 

risk of tuning the model to one variable such as coffee yield production at the cost of poor simulation of 186 

other system processes. 187 

    For the calibration of CAF2021, we used data from 18 Turrialba treatments and 14 Nicaragua 188 

treatments. Some of these data had been used for Bayesian calibration of the predecessor model CAF2014 189 

by Ovalle-Rivera et al. (2020), but that model was limited to treatments with no more than one tree 190 

species, so only six of the treatments from Turrialba and four from Masatepe could be used by them. In 191 

other respects we followed their implementation of Bayesian calibration. 192 

    We carried out a single multi-site, multi-treatment Bayesian calibration of CAF2021, using Markov 193 

Chain Monte Carlo sampling (MCMC) with a chain length of 60,000. At each iteration of the chain the 194 

model was run for all 32 treatments, so a total of 1.92 million runs was carried out during the MCMC. 195 

The calibration provided samples from the posterior distribution for 65 of the model’s parameters: 196 

• universal parameters (n=45) that were not allowed to vary between the treatments, 197 

• site-specific parameters (n=5) that were allowed to differ between Turrialba and Masatepe, 198 

• tree-species specific parameters (n=15). 199 

The universal parameters included all 23 calibrated coffee parameters, thus ignoring any differences 200 

between cultivars in Turrialba and Masatepe. Also treated as universal were 15 tree parameters and 7 soil 201 

parameters. The motivation for treating so many parameters as universal (which in reality may show 202 

variation) was to maintain a degree of universal applicability of the model, and to constrain the need for 203 

site- or tree-specific information in future applications of the model. The 5 site-specific parameters were 204 
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soil parameters governing nitrogen leaching, organic matter composition and turnover. Making these 205 

parameters site-specific allowed simulation of the greater capacity of soils in Masatepe to stabilise 206 

organic matter and minerals (Noponen 2012). The 15 tree-species specific parameters were 207 

predominantly parameters for carbon allocation and morphology. All parameters were a priori assigned 208 

wide beta probability distributions, reflecting large prior uncertainty about plausible parameter values for 209 

the largely new model CAF2021. 210 

Bayesian calibration generates a sample from the joint posterior probability distribution for all calibrated 211 

parameters. The MAP is the ‘Maximum A Posteriori’ parameter vector, i.e. the model parameterisation 212 

that achieves the highest value for the product of prior (beta distributions for parameters) and likelihood 213 

(fit to data) (Ovalle-Rivera et al. 2020; Van Oijen 2020). Results reported in this paper are for the MAP 214 

parameter vector. 215 

2.5 CAF2021 application to farms Costa Rica and Guatemala 216 

We used CAF2021 to simulate measured and unmeasured ecosystem services for each of the 168 farms in 217 

Costa Rica and Guatemala, using each farm’s environmental conditions and CAF management choices as 218 

model inputs. All parameters for coffee and for Erythrina and Inga trees were left at the values determined 219 

by Bayesian calibration using data from the long-term experiments at Turrialba and Masatepe. Tree 220 

species not present in the experiments were grouped according to type and management (Table 2). 221 

Parameter values for the most abundant tree species in each group (listed as the ‘Type species’ in Table 3) 222 

were taken from the literature, specifically for banana (Musa spp.) (Schaffer et al. 1999; Chaves C. et al. 223 

2009; Martinez Acosta and Cayón Salinas 2011; Mustaffa and Kumar 2012; Van den Bergh et al. 2012; 224 

Damour et al. 2012), avocado (Persea americana) (Elzebroek and Wind 2008; CIRAD 2019; Monzón-225 

Martinez 2019), Grevillea (Castellanos et al. 2010) and Cordia (Castellanos et al. 2010; Van Oijen et al. 226 

2010b). 227 

    Planting dates were not recorded in the farms database but coffee stands were generally mature and we 228 

simulated the years 2005-2020 for each farm. The only differences between Costa Rica and Guatemala in 229 

our model set-up were conform local practice: (1) pruned branches were removed in Guatemala but left 230 

on the field in Costa Rica, (2) the height of some tree species was differently managed. 231 

2.5.1 Analysis of sensitivity to management 232 

Besides the regular simulations for each farm, which used the observed and reported local conditions, we 233 

made two additional model runs to test farm sensitivity to management choices. In the first of these, we 234 

halved each farm’s fertilisation rate. In the second, we halved tree densities and shade target. 235 
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 236 

 237 

3 Results 238 

3.1 Bayesian calibration on data from experiments in Turrialba and Masatepe 239 

The left panel of Fig. 2 shows observed coffee productivity in the 32 treatments against the yields 240 

simulated by the calibrated model. The yield values are averages over the years 2002-2017 for Turrialba 241 

and 2004-2013 for Masatepe. The model accounts for 74% of observed variation in yield across the 242 

Turrialba treatments, and 63% of variation at Masatepe. Other measured variables were simulated with 243 

similar accuracy (see Supplementary Information). 244 

Posterior parameter uncertainty was small, with an average coefficient of variation of 5%. However, each 245 

model output depends on multiple parameters, and output uncertainty for individual variables (coffee 246 

yield, soil carbon sequestration, nitrogen leaching) was 30-36%. These are predictive uncertainties for 247 

model application to a single set of conditions and do not apply to trends across treatments. 248 

3.2 CAF2021 outputs for different coffee agroforestry systems in Costa Rica and 249 

Guatemala 250 

CAF2021 accounted for 36% of observed variation in coffee yields for the on-farm CAF in Costa Rica 251 

(middle panel of Fig. 2), which is less than the variation accounted for in the Costa Rican long-term 252 

experiment at Turrialba (left panel), but compares well given the fact that the farm simulations were not 253 

calibrated. The results for the Guatemalan on-farm CAF were less good, with only 15% of yield variation 254 

accounted for (right panel). 255 

Table 4 summarises the on-farm simulations for coffee yield and seven other ecosystem services grouped 256 

by the CAF system types of Haggar et al. (2021). The model correctly identified CAF types 1.2/3 and 2.4 257 

as much lower-yielding in both countries than CAF types 3.2/3 and 4.3 (comparing Tables 2 and 4). 258 

However, the model was unable to explain the very high yield difference that was observed between the 259 

two highest-yielding types in Guatemala, which were 2334 and 5433 kg ha-1 y-1 of bean dry matter for 260 

CAF type 3.3 and 4.3 respectively, whereas the simulations were 2963 and 2785 kg ha-1 y-1. The very 261 

similar yields in these simulations are consistent with these CAF types having similar environmental 262 

conditions (Table 1), shading and fertilisation (Table 2). 263 
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The CAF2021 simulations of Table 4 suggest that there were trade-offs between coffee yield and other 264 

ecosystem services. In Costa Rica, CAF types with high coffee yield also had high fruit yields but 265 

produced less timber and had higher levels of nitrogen leaching and emission. In Guatemala, the trade-266 

offs were less marked apart from high N-emission rates in high-yielding CAF types. 267 

To determine whether the trade-offs were driven by management choices we plotted the simulated 268 

ecosystem services at each farm against its level of N-fertilisation (Fig. 3) and shading (Fig. 4). The 269 

results suggest that ecosystem services other than timber production were more strongly determined by 270 

level of fertilisation than by level of shading. Fertilisation had the expected effects of increasing leaching 271 

and emission but it also led to less erosion as measured by soil carbon loss in runoff. Coffee yields were 272 

more related to fertilisation level in Costa Rica than in Guatemala. This reflects the wider range and twice 273 

as high average level of fertilisation in Costa Rica (Table 2). 274 

3.3 Sensitivity to management 275 

The analyses of Figures 3 and 4 show generally fairly weak correlations of the driving variables with the 276 

ecosystem variables. This was partly because of confounding of the many environmental and 277 

management differences between the farms. To highlight the effects of fertilisation and shading, we 278 

therefore carried out a sensitivity analysis where for each farm all conditions were kept the same apart 279 

from halving either fertilisation or shading. The results of this analysis are shown in Fig. 5. This shows 280 

that halving fertilisation is expected to reduce coffee yields, carbon sequestration, N-leaching and 281 

emission, while increasing (in Costa Rica) erosion through runoff. Halving shading also increases runoff 282 

but otherwise has very different effects: it increases coffee yield and reduces ecosystem services closely 283 

associated with trees (production of timber and fruit, N-fixation). 284 

 285 

 286 

4 Discussion 287 

4.1 Bayesian calibration on data from experiments 288 

We carried out a single Bayesian calibration - for all treatments in Turrialba and Masatepe simultaneously 289 

- to derive parameter estimates. All coffee parameters were treated as being universally applicable, and 290 

common tree species were also assumed to have the same properties in both experiments. The only 291 
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experiment- and thus country-specific parameters in the calibration were five soil properties. Variation 292 

within experiments was ignored altogether. In reality, there may have been genetic and environmental 293 

variation in and between the experiments. Disregarding such plot and block effects may have hampered 294 

model fit but ensured that the model was not overfit to noise. Moreover, the calibration was conducted 295 

simultaneously for multiple variables, so model outputs were not optimised for any single variable such 296 

as coffee yield. Despite all these restrictions, the calibrated model accounted for 74% of observed coffee 297 

yield variation between treatments at Turrialba and 63% at Masatepe. This compares favourably with 298 

linear regression of yield on fertilisation level in the experiments for which the 𝑟2 was only 0.23. It shows 299 

that models for ecosystem service evaluation in coffee agroforestry systems need to integrate the effects 300 

of not only management but also weather and soil conditions. 301 

    The results suggest that CAF2021 can be a useful tool for analysing differences in system performance 302 

between different environmental conditions. However, this does not imply that the model is a good tool 303 

for forecasting the benefits of agroforestry at any individual site, as posterior output uncertainty (driven 304 

by posterior parameter uncertainty) was high at 30-36%. 305 

4.2 Farm simulations 306 

After the Bayesian calibration on the data from the two experiments, no further calibration of CAF2021 307 

was carried out. The application to farms in Costa Rica and Guatemala thus constituted an independent 308 

test of the predictive capacity of the model. This test was restricted to coffee yield as data from other 309 

ecosystem services were not available. Coffee yields on Costa Rican farms were simulated reasonably 310 

well (𝑟2 = 0.36), but yields on Guatemalan farms were not (𝑟2 = 0.15). 311 

    One possible explanation for the mixed performance of the model is the use of parameter values 312 

calibrated on data from just two experiments. The experiments may have been more representative of 313 

plant properties and environmental conditions in Costa Rica than in Guatemala. It would have been 314 

possible to calibrate the model on a subset of reported yields but the model would then be tuned as a 315 

coffee yield prediction tool to the possible detriment of predictive capacity for other ecosystem services. 316 

It is therefore of importance to find rich local data sets, with measurements of a variety of coffee, tree and 317 

soil variables, before adding a second Bayesian calibration. 318 

    A second possible explanation for uneven model performance is the greater variation in environmental 319 

conditions in Guatemala compared to Costa Rica, as measured by the larger standard deviations for 320 

temperature, precipitation and altitude (Table 1). In the simulations, all parameters for coffee and tree 321 

morphology and physiology were kept at the same values for all 168 farms (89 in Costa Rica and 79 in 322 
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Guatemala). Any genetic differences between coffee- and tree-varieties were thus ignored. The only tree-323 

parameter differences accounted for were the farm-specific initial densities of shade trees. Disregarding 324 

inter-farm variability in this way may have affected simulations in Guatemala the most because of its 325 

greater variation in growing conditions. 326 

    A third possible explanation for poor predictive capacity of the model is errors in data. In particular 327 

surprising was the observation that coffee yields in Guatemala were on average 2.3 times higher on farm 328 

with CAF-type 4.3 than on those with type 3.3, despite similar environmental conditions and levels of 329 

fertilisation. The farms with CAF-type 4.3 had low densities of Inga trees (Table 2), so it is unlikely that 330 

nitrogen fixation explained their yield advantage. The soils of these farms also did not have higher 331 

nitrogen contents (Table 1) and their mineralisation rates were lower at 12.2 mg N kg-1 soil d-1 compared 332 

to 17.7 in CAF type 3.3 (Büchi et al., in prep.). The observed superior yield of CAF type 4.3 could not be 333 

reproduced by the model without reparameterisation. However, it must be noted that there were only 8 334 

farms with this CAF type who reported high yields, and they also reported high variance in N application 335 

rates from over 1000 kg N ha-1 y-1 to almost zero. As stated in Haggar et al. (2021), there were a small but 336 

significant group of farms that report high yields but use alternative low N input management and which 337 

require further study. 338 

4.3 Analysis of ecosystem services 339 

Except for CAF type 4.3, the observed and simulated coffee yields were higher in Costa Rica than in 340 

Guatemala, which matches the about twice as high average fertilisation rates in Costa Rica (Tables 2 and 341 

3). The simulations suggest that the higher fertilisation in Costa Rica further stimulated carbon 342 

sequestration, nitrogen leaching and emission (Fig. 4). A positive effect of fertilisation on carbon 343 

sequestration was also shown by Körschens (2021), in their review of long-term experiments worldwide 344 

and in several empirical studies (Virto et al. 2012; Triberti et al. 2016). Other differences between the 345 

countries, such as production of more fruit but less timber in Costa Rica, were the result of different 346 

choices of shade tree species and planting density rather than differential impacts of fertilisation on tree 347 

species (Tables 2 and 3). 348 

    The model points to inevitable trade-offs between productivity of coffee, productivity of trees and 349 

environmental ecosystem services, similar to those reported by Meylan et al. (2017) for coffee 350 

agroforestry systems in Costa Rica. Changing the level of fertilisation or shading can benefit some 351 

ecosystem services but always to the detriment of others. This was apparent from the farm simulations 352 

shown in Figures 3 and 4, but was highlighted most clearly in the sensitivity analysis presented in Fig. 5. 353 

The benefits from fertilisation for yield and carbon sequestration must be balanced against the costs 354 
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associated with increased nitrogen leaching and emission. Likewise the benefits for coffee yield of 355 

removing shading (consistent with literature summarised by Meylan et al. (2017) but not confirmed by 356 

Soto-Pinto et al. (2000) for an experiment in southern Mexico) must be balanced against the associated 357 

losses in tree production (fruit, timber) and carbon sequestration as well as the reduced protection against 358 

erosion. Analysis of the actual yield from the CAF systems here modelled concluded that farms with 359 

moderate shade levels were the most productive, and there was no yield advantage to further reduction in 360 

shade, but yields were suppressed by higher shade levels over 60% cover (Haggar et al. 2021). In the 361 

simulations, the effect of shade-reduction on coffee yield varied between farms and was on average much 362 

smaller in Costa Rica than in Guatemala. De Leijster et al. (2021) summarised the literature on this and 363 

reported similarly inconsistent relationships between coffee yields and shade cover because of differences 364 

in local conditions and management. Vaast et al. (2008) concluded that moderate shading may not hamper 365 

coffee production in hot areas with suboptimal growing conditions. 366 

    Halving shading significantly reduced carbon stocks in the simulations (Fig. 5), and this is consistent 367 

with the finding of Goodall et al. (2015) that ongoing reductions in shade tree density on farms in 368 

Nicaragua are leading to loss of soil carbon stocks. Meylan et al. (2013) and Jha et al. (2014), in their 369 

reviews of impacts of shade in coffee agroforestry, also concluded that shading increases above- and 370 

belowground organic carbon sequestration. In some contrast to this, only a minor impact of shading on 371 

carbon sequestration was reported for the Turrialba experiment by Sauvadet et al. (2019). Protection 372 

against erosion by high canopy cover, as simulated here, has repeatedly been observed in coffee 373 

agroforestry systems (Meylan et al. 2017; De Leijster et al. 2021 and references therein). Cannavo et al. 374 

(2011) found that runoff in unshaded coffee in Costa Rica was over 50% higher than runoff in coffee 375 

shaded by Inga densiflora. Our sensitivity analysis found a similar effect where halving shading led to 10-376 

15% increase in carbon lost in runoff (Fig. 5). 377 

    The focus of CAF2021 is on biogeochemistry, and the effects of fertilisation on processes in soils, 378 

coffee plants and trees are simulated in considerable detail. However, the effects of shading on the coffee 379 

agroforestry system are manifold and complex, and are not simulated fully by CAF2021. The model does 380 

account for shade trees lowering light intensity and temperature below them (impacting coffee plant 381 

physiology) as well as competing with the coffee plants for light, water, and nitrogen. But the model does 382 

not represent other organisms and thus does not simulate how shade supports biodiversity (e.g. Goodall et 383 

al. 2015) and constrains pests and diseases (e.g. Jha et al. 2014). Decision support for such non-384 

biogeochemical ecosystem services would therefore require a different model. 385 

 386 
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 387 

5 Conclusions 388 

Returning to the three goals of this paper, we conclude: 389 

• Variation in fertilisation and shading drives differences in productivity between farms and between 390 

CAF types. 391 

• The modelled ecosystem services indicate trade-offs between ecosystem services that imply no 392 

single CAF type can maximize all services. The trade-offs were not only between provisioning and 393 

regulatory services, but also between provisioning services from coffee vs. those from fruit and 394 

timber trees. 395 

• CAF2021 can be used as a tool for studying biogeochemistry-related ecosystem services in complex 396 

coffee agroforestry systems, but the availability of multivariate calibration data from long-term field 397 

experiments remains critical. 398 

 399 

 400 
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 506 

Fig. 1. Locations of sampled coffee farms in Costa Rica and Guatemala. 507 

  508 
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 509 

Fig. 2. Observed vs. simulated coffee dry matter yields. Left: calibration experiments in 510 

Turrialba (n=18) and Masatepe (n=14). Middle: farms in Costa Rica (n=89). Right: farms in 511 

Guatemala (n=79). 512 
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 514 

Fig. 3. Simulations of ecosystem services at farms in Costa Rica (black) and Guatemala (red). 515 

Units as in Table 4. All plots are against N-fertilisation level (kg N ha-1 y-1). 516 

  517 
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 518 

 519 

Fig. 4. Simulations of ecosystem services at farms in Costa Rica (black) and Guatemala (red). 520 

Units as in Table 4. All plots are against shade level (-). 521 

  522 
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 523 

 524 

Fig. 5. Changes in ecosystem services when fertilisation or shading is halved. Units as in Table 525 

4. All changes are normalised to the country average. 526 
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Table 1. Average environmental conditions for farms grouped by CAF system type in Costa Rica and 528 

Guatemala. The first digit of CAF type indicates relative productivity, the second shading level, both from 529 

1=low to 4=high. Variables: altitude (m), slope (degrees), rain (mm y-1), temperature (degrees C), soil 530 

water holding capacity (-), soil carbon and nitrogen stocks (kg m-2). Within brackets: standard deviation 531 

across farms. 532 

Country CAF n Altitude Slope Rain Temp WaterCap Csoil Nsoil 

Costa Rica 1.2 25 1128 13.3 2804 20.5 0.25 14.5 1.8 

   (185) (7.9) (440) (0.9) (0.03) (4.9) (0.5) 

 2.4 26 1148 13.3 2562 20.5 0.24 13.6 1.8 

   (257) (5.5) (345) (1.3) (0.03) (2.6) (0.4) 

 3.2 24 1354 14.8 2480 19.3 0.25 15.9 2 

   (252) (6.7) (372) (1.5) (0.03) (4.5) (0.5) 

 4.3 14 1332 14.8 2401 19.5 0.24 14.6 1.8 

   (217) (7.5) (293) (1.1) (0.04) (4.6) (0.6) 

Guatemala 1.3 19 1490 14.9 2934 19.7 0.24 10.4 1.2 

   (344) (6) (690) (2.5) (0.05) (3.9) (0.4) 

 2.4 27 1531 15.3 2370 19 0.26 11.1 1.2 

   (320) (10.1) (773) (2.1) (0.04) (3.9) (0.5) 

 3.3 25 1678 10.6 2048 18.2 0.28 13.4 1.4 

   (231) (8) (600) (1.7) (0.03) (5.2) (0.5) 

 4.3 8 1576 11.8 2020 18.4 0.29 13.8 1.4 

   (292) (5.3) (821) (2.1) (0.03) (6.7) (0.7) 

 533 
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Table 2. Management and coffee yield under four CAF types in Costa Rica and Guatemala. Variables: N-535 

fertilisation rate (kg ha-1 y-1), density of shade trees (ha-1; E=Erythrina, I=Inga, M=Musa, P=Persea, 536 

G=Grevillea, C=Cordia), overall shade level (-) and coffee yield 2018-2020 (kg DM ha-1 y-1). Within 537 

brackets: standard deviation. 538 

Country CAF N-fert E I M P G C Shade Yield 

Costa Rica 1.2 146 102 70 109 17 23 29 0.4 1044 

  (127) (136) (122) (156) (36) (64) (58) (0.17) (498) 

 2.4 169 141 112 258 16 13 83 0.73 1787 

  (99) (157) (155) (303) (37) (29) (170) (0.08) (994) 

 3.2 283 136 28 230 23 10 3 0.39 3145 

  (114) (156) (78) (243) (66) (17) (12) (0.12) (493) 

 4.3 323 155 17 381 0 0 8 0.56 4583 

  (133) (105) (59) (340) (0) (0) (22) (0.09) (567) 

Guatemala 1.3 75 0 103 111 54 39 49 0.47 558 

  (112) (0) (126) (244) (81) (62) (74) (0.12) (437) 

 2.4 73 0 57 93 51 133 35 0.77 1071 

  (72) (0) (83) (169) (86) (149) (97) (0.09) (660) 

 3.3 168 0 50 51 79 103 48 0.49 2334 

  (133) (0) (64) (166) (102) (118) (121) (0.15) (775) 

 4.3 174 0 21 94 40 136 16 0.42 5433 

  (170) (0) (34) (227) (55) (193) (35) (0.17) (947) 

 539 

  540 
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Table 3. Shade tree species and their management under CAF2021. 541 

Tree type Type species 

Stra-

tum 

N-

fixing Pruning/thinning regime 

Fate of 

pruned/thinned 

biomass and fruits 

Pollarded legume 

service tree 

Erythrina 

poeppigiana 

Lower Yes Pollarded: 90% branch 

removal twice per year 

Remain on site 

Pruned legume 

service tree 

Inga spp. Lower Yes Pruned: % dependent on 

target tree cover 

Option to remove 

branches 

Fruit tree Persea 

americana 

Lower No Not pruned: biomass 

time coefficient 1000 

days 

Fruit exported 

Bananas and 

plantains 

Musa spp. Lower No Not pruned: biomass 

time coefficient 365 

days 

Fruit exported 

Service/timber 

tree 

Grevillea 

robusta 

Upper No Pruned: % dependent on 

target tree cover 

Option to remove 

branches 

Timber tree Cordia 

alliodora 

Upper No Thinned: 30% 5-yearly Thinned trunks 

removed 

 542 
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Table 4. CAF types on farms in Costa Rica and Guatemala: Simulations of shade (-), yield of coffee, 544 

timber and fruit (kg DM ha-1 y-1), soil carbon change and carbon runoff (kg C ha-1 y-1), N-fixation, 545 

leaching and emission (kg N ha-1 y-1). 546 

Country CAF Shade Yield Timber Fruit dC Crun Nfix Nlch Nem 

Costa Rica 1.2 0.48 2615 696 472 224 408 15 84 23 

  (0.22) (1903) (1042) (833) (1434) (289) (19) (44) (9) 

 2.4 0.72 2623 1269 512 1175 300 17 69 22 

  (0.09) (2125) (1432) (701) (1081) (176) (23) (31) (11) 

 3.2 0.48 5184 198 1040 147 279 9 103 35 

  (0.23) (1627) (424) (1110) (1351) (168) (10) (37) (10) 

 4.3 0.6 5555 202 1255 656 222 13 110 38 

  (0.18) (2170) (685) (1018) (1276) (119) (9) (29) (9) 

Guatemala 1.3 0.46 938 721 419 -828 448 9 79 14 

  (0.18) (1676) (633) (1162) (1096) (236) (13) (80) (11) 

 2.4 0.64 697 979 183 -832 335 5 51 15 

  (0.14) (930) (579) (286) (656) (281) (13) (36) (11) 

 3.3 0.5 2963 668 245 -891 192 2 69 26 

  (0.2) (2863) (466) (725) (945) (123) (4) (30) (19) 

 4.3 0.45 2785 539 431 -971 207 2 67 37 

  (0.27) (3304) (426) (1051) (1268) (104) (3) (41) (43) 

 547 

548 
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S1. Output variables simulated by CAF2021 558 

In standard use, CAF2021 simulates 169 output variables to quantify the dynamics of coffee plants, trees 559 

and soil. Fig.  S1 shows time series for a small selection. 560 

 561 

Fig. S1. Selected output variables simulated by a single run of CAF2021 for Guatemala farm 79. Top 562 

row: field average soil content of C, N, water. Rows 2-3: area of coffee shaded by (1) no trees, (2) service 563 

trees, (3) fruit trees, (4) timber trees, (5) service + timber trees, (6) fruit + timber trees. Row 4-5: crown 564 

area and height of service, fruit and timber trees. Row 6: overall shade and coffee yield. 565 
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S2. Experimental treatments at Turrialba and Masatepe 566 

CAF2021 was calibrated on data from 32 treatments applied in long-term experiments at Turrialba (Costa 567 

Rica) and Masatepe (Nicaragua). The following table shows the combinations of shading and fertilisation 568 

that were applied. For more details on the experiments, see Haggar et al. (2011), Noponen (2012), 569 

Noponen et al. (2013), Sepúlveda (2016) and Ovalle-Rivera et al. (2020). 570 

Table S2. Long-term experiments in Turrialba (treatments 1:18) and Masatepe (treatments 19:32). Shade 571 

trees: E = Erythrina poeppigiana, T = Terminalia amazonia, C = Chloroleucon eurycyclum, SS = 572 

Samanea saman, TR = Tabebuia rosea, SG = Simarouba glauca, IL = Inga laurina. Fertilisation regime: 573 

C = conventional, O = organic, I = intensive, M = moderate. 574 

TURRIALBA Shade Fertil.  MASATEPE Shade Fertil. 

1 E CI  19 - CI 

2 E CM  20 - CM 

3 E OI  21 SSTR CM 

4 E OM  22 SSTR OI 

5 T CI  23 SGTR CI 

6 T CM  24 SGTR CM 

7 T OI  25 SGTR OI 

8 T OM  26 SGTR OM 

9 C CM  27 ILSS CI 

10 C OI  28 ILSS CM 

11 TE CM  29 ILSS OI 

12 TE OI  30 ILSS OM 

13 CE CI  31 ILSG CM 

14 CE CM  32 ILSG OI 

15 CE OI     

16 CE OM     

17 - CI     

18 - CM     
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S3. Data and output variables simulated in calibration of CAF2021 575 

CAF2021 was calibrated on data from 32 treatments applied in long-term experiments at Turrialba (Costa 576 

Rica) and Masatepe (Nicaragua). Fig.  S3 shows the data from treatment 1 at Turrialba together with 577 

output from the calibrated model. 578 

 579 

Fig. S3. Calibration results for treatment 1 of the Turrialba experiment. Blue points with error bars: 580 

data. Black lines: CAF2021 simulation using the MAP parameter vector. Green lines: simulation using 581 

the maximum likelihood parameter vector. For this treatment of highly fertilised coffee shaded by 582 

Erythrina poeppigiana trees, seven variables were measured. From top-left and row by row: coffee yield, 583 

shade, tree crown area and height, aboveground carbon in coffee and trees, soil carbon gain. 584 
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