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Abstract. Dynamic global vegetation models (DGVMs) are commonly evaluated against satellite-derived products such as

biomass or tree-cover. Yet, most studies provide error metrics and maps that reveal where models fail rather than why. Here,

we develop a residual-analysis framework to diagnose systematic mismatches between aDGVM results and remotely sensed

aboveground biomass and tree cover and attribute them to climate, fire, and human influence. We computed grid-cell residuals

between aDGVM simulations and remote-sensing estimates and modeled these residuals using generalized additive models5

(GAMs) with bioclimatic variables, fire activity, human footprint and population density, as well as a spatial smooth. Models

were checked for concurvity and basis-dimension adequacy, and evaluated using spatial block cross-validation. For above-

ground biomass, a GAM with twelve smooth terms explained 80.3% of residual deviance (adjusted R2=0.798), while for tree

cover, a GAM with similar structure explained 78.5% of residual deviance (adjusted R2=0.78). Strikingly, bioclimatic vari-

ables dominated residuals in 82.9% of AGB grid cells, not the processes known to be absent from aDGVM, such as nitrogen10

cycling and land use. This suggests that re-calibrating existing climate responses would reduce model bias more than adding

missing process modules. Fire and human pressure played a proportionally larger role for tree cover (42.3% of grid cells) than

for biomass (17.3%), reflecting distinct ecological controls on net primary production versus canopy dynamics. A persistent

spatial signal after accounting for all predictors (unique R2 = 11.0% AGB, 9.6% TC) points to unmeasured processes including

soil properties, wild megafauna, and land-use history. The framework transforms descriptive DGVM error maps into quanti-15

tative, spatially explicit process attribution directly translating model-data mismatches into prioritized development targets for

next-generation vegetation models.

1 Introduction

Dynamic global vegetation models (DGVMs) are powerful tools to project terrestrial carbon stocks and fluxes, vegetation

distribution, and land-atmosphere feedbacks under past and future climate and land-use change (Prentice et al., 2007). Their20

performance is increasingly assessed using satellite-derived products such as aboveground biomass, productivity or tree cover,

which offer global coverage and consistent observational data (Dantas de Paula et al., 2020). Many such evaluations report spa-

tial patterns of correlations, mean biases, and biome-level summaries between DGVM outputs and remote-sensing estimates,

often accompanied by maps of data-model differences (e.g., Scheiter et al., 2020; Kelley et al., 2013; Forkel et al., 2019).
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While such model evaluation efforts revealed important priorities for model development and improvement, several limita-25

tions persist. Previous studies highlight where models over- or underestimate biomass, tree cover, or other variables, but they

do not necessarily identify which processes, whether included or ignored in the model, drive these mismatches. DGVM-remote

sensing mismatches are rarely treated as explicit residuals, modeled in response to environmental or anthropogenic drivers such

as gradients in climate, disturbance, and human pressure. This hampers formal attribution of error sources and quantification

of their relative contributions and an explicit interpretation in terms of uncertain or missing DGVM processes, such as fire,30

degradation, or plantations. Further, spatial autocorrelation in both model outputs and observational products is often ignored,

leading to overoptimistic estimates of model performance and inflated significance of predictor effects. Finally, ignoring corre-

lated environmental predictors in DGVM-data comparisons, for instance in temperature- and precipitation-related bioclimatic

variables, and ignoring a systematic treatment of multi-collinearity may complicate inference about individual drivers.

Data-model residuals and mismatches indicate model limitations, and can as such be informative, because DGVM biases35

contain information about structural model deficiencies. For example, systematic overestimation of biomass in frequently

burned savannas may reflect a fire module that fails to capture observed fire regimes, while deviations of biomass in heavily

utilized landscapes may indicate missing representations of logging, degradation, or forest plantations. Similarly, consistent

residual patterns along hydroclimatic gradients can reveal mis-specified model processes characterizing drought or wet-season

responses. Modeling data-model residuals against climate, disturbance, and human-pressure gradients can thus provide a pow-40

erful diagnostic tool, transforming descriptive error maps into quantitative attribution of model limitations to under-constrained

or even lacking processes.

Here, we developed such a residual-analysis framework and applied it to residuals between aDGVM simulations of above-

ground biomass and tree cover (Scheiter and Higgins, 2009; Martens et al., 2021), and remotely-sensed aboveground biomass

and tree cover (Ross et al., 2021). We calculated grid-cell residuals between model outputs and satellite-based estimates and45

modeled these residuals using GAMs with smooths for bioclimatic variables, burned area as a proxy for fire activity, hu-

man footprint, human population density, and livestock density as human-pressure indicators. The models were fitted with

restricted maximum likelihood and penalization, checked for basis adequacy and concurvity, and evaluated under spatial block

cross-validation to obtain realistic out-of-sample performance. The aDGVM has been developed for tropical and sub-tropical

ecosystems (Scheiter and Higgins, 2009), and our analysis focuses on Africa, using aDGVM simulation results presented by50

Martens et al. (2021). We compared biomass and tree-cover residuals, allowing assessment of whether the same drivers explain

residuals of both state variables.

This work addressed three major knowledge gaps and key questions: (1) Structure of residuals: are aDGVM-remote sensing

residuals in biomass and tree cover random noise or systematically structured along climatic, fire and human pressure gradients?

(2) Relative importance of drivers: which drivers (climate, fire, or human pressure) explain residual variation, and how do their55

contributions differ among biomes and between biomass and tree cover? (3) Spatial biases: how much spatial structure remains

after accounting for observable drivers, and what does this imply about missing or mis-represented processes?

Correspondingly, we tested three hypotheses: (H1) Structure of residuals: biomass and tree-cover residuals display strong,

non-random spatial structure and consistent variation along climate, fire, and human-pressure gradients, indicating systematic
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aDGVM deficiencies rather than random errors. (H2) Disturbance and human dominance: after controlling for broad climate60

gradients, fire activity and human pressure explain a substantial fraction of residual variation, especially in savannas, char-

acterized by strong vegetation-fire interactions and land use, reflecting under-representation of disturbance and degradation

processes in the aDGVM. (H3) Spatial biases: even after accounting for climate, fire, and human influence, significant residual

spatial structure persists at regional to biome scales, pointing to additional missing or mis-specified processes, such as soil

constraints, land use history, or region-specific plant species communities.65

By combining residual modeling with GAMs, systematic variable selection, and spatial block cross-validation, this study

moves beyond descriptive DGVM-remote sensing comparisons and provides a transparent, quantitative basis for prioritizing

model improvements. Although the analysis was conducted for a specific DGVM (the aDGVM), the African continent and

specific remote-sensing products, the framework is generic and can be applied to other models, variables, and regions.

2 Materials and Methods70

2.1 aDGVM model results

We used aboveground biomass and tree-cover outputs from aDGVM simulations conducted by Martens et al. (2021). As we

did not run novel aDGVM simulations for this study, we do not provide a detailed model description but refer previous work

(Scheiter and Higgins, 2009; Scheiter et al., 2012). Model simulations were conducted using downscaled, daily climate forcing

based on MPI ESM at 0.5° spatial resolution (for details see Martens et al., 2021). For the analyses, we extracted annual values75

for tree cover and aboveground biomass and aggregated the data for the period 2001 to 2020 by calculating mean values. As

we focus on aboveground tree biomass and tree cover, we included only grid cells with aboveground tree biomass greater than

1t/ha to remove deserts without tree biomass and potential biases in the GAMs. The biome type of each grid cell was derived

in a post-processing step where aDGVM output was classified into desert, C4 grassland, C3 grassland, C4 savanna, C3 savanna,

woodland and forest using C3/C4 grass biomass, and cover of forest and savanna tree PFTs (for details see Martens et al.,80

2021).

2.2 Aboveground biomass and tree cover and residuals

To calculate data-model residuals, we used satellite-derived gridded products of aboveground biomass and tree cover (Ross

et al., 2021). Both variables were provided at 1 km spatial resolution, and resampled to the 0.5° resolution of aDGVM simula-

tions, using the mean value.85

For each grid cell i, we computed absolute residuals ri as

rAGB
i =AGBaDGVM

i −AGBRS
i and rTC

i = TCaDGVM
i −TCRS

i , (1)

where AGB and TC are aboveground biomass and tree cover, respectively, and aDGVM and RS indicate aDGVM model

results from Martens et al. (2021) and remote sensing data from Ross et al. (2021), respectively. Diagnostic plots of the residuals

(Fig. S1) support the use of Gaussian GAMs with identity link as the main analysis, with some caveats. Raw AGB residuals90
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show a moderate right skew (skewness = 0.89) with heavy tails (excess kurtosis = 3.84), while raw TC residuals are more

symmetric (skewness = −0.51, excess kurtosis = 0.59). We retained the Gaussian family for consistency between the AGB and

TC models.

2.3 Explanatory variables

We used variables describing bioclimate, fire, direct human impacts, biome type and spatial structure as predictor variables in95

the GAMs. All products were aggregated and resampled to the 0.5° spatial resolution of aDGVM simulations using the mean

value. Variables, except bioclimatic variables, are mapped in Fig. S2.

Climate: For aDGVM simulations, we used daily data of, among others, precipitation and temperature (see previous sec-

tion). Such daily time series cannot be included directly into GAMs. We therefore calculated the common 19 bioclimatic vari-

ables (Booth et al., 2014) from daily time series. We selected daily data for the period 2001 to 2020, and calculated monthly100

means of temperature and precipitation across this period. Bioclimatic variables were then calculated using the ‘dismo’ R

package (Hijmans et al., 2023) from the monthly means (see also Scheiter et al., 2025).

Fire: We used monthly burned area fraction for the period 2019 to 2024 from Sentinel3, SYN v1.1 (Chuvieco et al., 2016).

The available monthly data for the entire period were averaged to obtain one data layer for fire activity.

Human Footprint Index (HFI): We used HFI for the year 2020 (Venter et al., 2016a, b; Mu et al., 2022; Sanderson105

et al., 2022). It describes the impact of humans on terrestrial ecosystems, considering for example settlements, land use types,

transport routes or human population density. We used HFI data created with the second generation method, HD3-2.

Human population density: We used the gridded population of the world, version 4 product (Center For International Earth

Science Information Network-C. I. E. S. I. N.-Columbia University, 2017). As the data spans a large range of values and is

skewed, log-transformed data were used for our analysis.110

Nitrogen deposition: We used N deposition data created by Lamarque et al. (2013a, b) for oxidized nitrogen (NOY) and

reduced nitrogen (NHX) as provided in the ISIMIP repository. We downloaded annual data for the period 2006 to 2099, then

extracted and averaged N deposition for the period 2006 to 2020 to maximize temporal overlap with aDGVM results. Data for

NOY and NHX were added to obtain a single data layer for N deposition.

Domestic livestock (LS): Data for livestock were derived from the FAO gridded livestock density dataset (GLW4, Gilbert115

et al., 2015, 2018). We selected cattle and goat as those are the predominant domestic animals in African savanna rangelands.

Data for both animals were added and log-transformed for the analyses to account for skewed distributions of population data.

Biome type: In Martens et al. (2021), aDGVM results were classified into seven different biome types using grass biomass

and tree cover in a post-processing step (see section aDGVM model results). We used this modeled biome type as predictor in

the GAMs. We acknowledge that using aDGVM-derived biome classifications as a predictor for aDGVM residuals introduces120

a degree of circularity, as the biome type reflects the same model outputs that generate the residuals. However, we consider this

more suitable than observation-based biome products, which utilize different classification schemes, different biome types and

different spatial resolutions that may not be consistent with the aDGVM’s functional types. Using the aDGVM biome ensures

that the predictor is spatially and conceptually consistent with the model being evaluated.
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Spatial structure: Longitude and latitude were included via a two-dimensional smooth to account for spatial effects not125

explained by and of the other predictors.

2.4 Modeling

Residuals were modeled using a sequence of GAMs with thin-plate regression splines as implemented in the ‘mgcv’ R package

(Marra and Wood, 2011; Wood, 2011, 2017). The final model was obtained by univariate screening of bioclimatic variables:

each of the 19 bioclimatic variables was individually added to a base model, and the resulting Akaike Information Criterion130

(AIC) reductions were used to rank their individual contributions. This screening was necessary to reduce the number of

predictors in the model by identifying those that explain most of the deviation and to reduce concurvity. We further compared

different models by inclusion or exclusion of predictors or predictor combinations.

For the univariate screening, we used

rvari = f1(HFIi)+ f2(Popi)+ f3(Firei)+ f4(Ndepi)+ f5(LSi)+ f6(xi,yi)+ biomei + ϵi, (2)135

as base model, where fj are smooth functions, var is aboveground biomass or tree cover, and ϵi are Gaussian residuals. This

base model includes biome type, fire and human impacts, and a spatial smooth, but no bioclimatic variables. Then, we included

each of the 19 bioclimatic variables individually and tracked changes in the AIC. Continuous predictors were standardized,

and diagnostics of pairwise correlations and concurvity were used to avoid redundant variables.

The largest AIC reductions for aboveground biomass arose from bio18 (Precipitation of Warmest Quarter, ∆AIC=-385.88,140

Table ??), bio17 (Precipitation of Driest Quarter, ∆AIC=-338.68, and bio7 (Temperature Annual Range, ∆AIC=-294.67). For

tree cover, bio12 (Annual Precipitation, ∆AIC=-557.57), bio6 (Minimum Temperature of Coldest Month, ∆AIC=-230.86) and

bio5 (Max Temperature of Warmest Month, ∆AIC=-216.03) showed the strongest AIC reductions.

To account for ecological interpretability and relevance, and to use a common and consistent set of bioclimatic variables for

both aboveground biomass and tree cover residuals, we selected six bioclimatic variables for the final GAM: bio1 (Annual Mean145

Temperature), bio4 (Temperature Seasonality), bio6 (Minimum Temperature of Coldest Month), bio12 (Annual Precipitation),

bio15 (Precipitation Seasonality) and bio18 (Precipitation of Warmest Quarter). We concede that this selection was not fully

objective and based on the univariate screening (Table S1). For example, AIC reductions of bio1 was not amongst the variables

with the strongest reductions, yet, it is a very common variable in ecology and biogeography. Further, temperature seasonality

(bio4) showed strong reductions in AIC for both biomass and tree cover. For consistency with temperature-related variables,150

particularly temperature seasonality (bio4), we included precipitation seasonality (bio15) despite moderate reductions in AIC.

We also ensured that the model is balanced and contains three variables related to precipitation and temperature, respectively.
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Hence, the final model was

rvari = f1(HFIi)+ f2(Popi)+ f3(Firei)+ f4(Ndepi)+ f5(LSi)

+ f7(bio1i)+ f8(bio4i)+ f9(bio6i)

+ f10(bio12i)+ f11(bio15i)+ f12(bio18i)

+ f6(xi,yi)+ biomei + ϵi. (3)

Each univariate continuous predictor uses a thin-plate spline with an initial basis dimension k = 10, except Ndep with k = 20155

and the spatial smooth that uses a two-dimensional thin-plate spline with k = 50 to capture regional patterns. Appropriate

values for k were selected using Effective Degrees of Freedom (edf) values as implemented in the ‘mgcv’ R package. Models

were fitted with restricted maximum likelihood and variable selection to allow shrinkage of uninformative terms and penalize

wiggles in the smoothing splines. We checked multicollinearity of predictor variables and found that worst-case concurvity

was below 0.99 for all predictors.160

We assessed the model performance for 10 different combinations of predictors. Therefore, predictors were grouped into

climate (C: bio1, bio4, bio6, bio12, bio15, bio18), disturbance (D: BurnedArea), human pressure (H: HFI, PopDens, Ndep,

Animals), spatial structure (S: two-dimensional smooth s(x,y)), and biome type (B: biome). Then GLMs were fitted including

or excluding different groups (Tables S2, S3). To compare performance different models, we calculated R2 values, deviance

explained and RMSE for each model. This systematic assessment allowed identifying important sets of predictors.165

To quantify the independent and shared contributions of each predictor group to residual variance, we performed a variance

partitioning analysis. The four groups climate (C), disturbance (D), human pressure (H), and spatial structure (S) were included

or excluded, while biome (B) was included as a baseline term in all models. We fitted all 24 = 16 possible subset GAMs

(including the biome-only baseline) and extracted the adjusted R2 for each model. The unique contribution of each group was

defined as the marginal R2 gained when that group was added last to the full model, i.e., R2
full−R2

fullwithoutgroup. The shared or170

joint fraction was computed as the total explainable R2 (full model minus baseline) minus the sum of all unique contributions,

and captures variance that is co-explained by multiple groups along common ecological gradients.

Using the final model (M9 in Table S2, eq. 3), we predicted residuals for Africa and compared them to aDGVM-based

residuals. We created partial dependency plots to analyze the relation between residuals and predictors.

2.5 Spatial block cross-validation175

To obtain performance estimates under spatial dependence, we used spatial block cross-validation implemented in the ‘blockCV’

package (Valavi et al., 2019). For the analysis, the study region was partitioned into spatial blocks of a specified size (100 km2),

and blocks were randomly assigned to five folds, balancing the number of observations per fold. For each fold, the final GAM

(M9) was fitted to all data outside the held-out blocks and predictions were generated for the test blocks. Performance metrics

included root mean squared error (RMSE), coefficient of determination (R2) between observed and predicted residuals, and180

mean bias, all computed on the held-out folds.
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2.6 Driver importance

We identified the most important predictor in each grid cell. Therefore, we extracted the absolute partial effect of each predictor

from GAM predictions, and identified the variable with the highest effect in each grid cell. We mapped the spatial patterns of

variable importance. To analyze if most important drivers differed between biomes, we calculated for each driver the number185

of grid cells per biome where the driver was most important.

3 Results

3.1 Patterns of residuals

Spatial patterns of aboveground biomass and tree cover residuals differed across Africa (Figs. 1, 2). For AGB, the aDGVM

underestimates biomass in central African rainforests (negative residuals) and overestimates (positive residuals) it to the east190

of those forests. Overestimation also occurs in parts of the Sahel and in southern African woodlands and savannas.

Spatial patterns of tree cover residuals differ markedly from AGB residuals. In the central African rainforest belt, tree cover

residuals are close to zero because both the aDGVM and the observations approach 100% canopy cover. To the east and south

of the rainforest, the aDGVM substantially overestimates tree cover (positive residuals), that is, the model simulates more

closed canopy than is observed in the transition zone from forest to savanna. Across the broader savanna belt of West, East and195

southern Africa, residuals show a spatially heterogeneous mix of over- and underestimation. Overall, the drivers of tree cover

residuals in open vegetation are more variable and spatially structured than for AGB. In northern Africa, tree cover residuals

are generally small in absolute terms given the low overall vegetation cover in arid zones.

The spatial smooth was among the most influential terms in both models. For AGB, the spatial smooth reached effective

degrees of freedom of 47.9 (F = 53.9, p < 0.0001), and for TC the corresponding values was 46.1 (F = 25.7, p < 0.0001).200

Large effective degrees of freedom indicate that a large fraction of residual variation is organized in broad spatial patterns not

fully captured by the included climate, fire, and anthropogenic predictors.

The base model used for univariate screening of bioclimatic variables (including biome, fire, anthropogenic factors and a

spatial smooth, but excluding bioclimatic variables) explained 72.5% of AGB residual deviance (R2 = 0.722) and 72.4% of

TC residual deviance (R2 = 0.721). Deviance explained, R2 and RMSE varied both between different GAMs and between205

AGB and TC (Table 1). For instance, deviance explained ranged between 65.7% and 80.3% for AGB and between 35.1% and

78.5% for TC. Deviance explained and R2 were consistently higher for AGB than for TC. Ranges of values of AGB and TC

in aDGVM simulations and data are different such that RMSE is not directly comparable. Including biome type as predictor

consistently increased model performance (e.g., between M0 and M1). The best GAM was the full model M9, including spatial

effects, biome, climate, fire and anthropogenic factors (80.3% explained deviation and 0.798 R2 for AGB and 78.5% explained210

deviation and 0.780 R2 for TC). The spatial block cross-validation supported the high performance of the full models, with

average R2 values of 0.775 for AGB and 0.758 for TC across all five folds. Compared to the in-sample R2 of 0.798 (AGB) and
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0.780 (TC), the spatial CV values are approximately 0.02 lower, indicating that the models generalise well to spatially held-out

regions and that overfitting to local spatial patterns is modest.

Spatial patterns of residuals predicted with GAMs agreed well with residuals derived from aDGVM and remote sensing215

(Fig. 3). For AGB, deviance between aDGVM and GAM residuals were mostly located in central African rainforest areas,

while they were widely scattered without a clear pattern for tree cover. After fitting the final GAM M9, both AGB and TC

residuals were near-symmetric (skewness = −0.30 and −0.23, respectively, Fig. S1), indicating that the Gaussian family in

GAMs captured the central tendency adequately for both variables. However, AGB GAM residuals retain substantially heavy

tails (excess kurtosis = 5.44, Shapiro-Wilk W = 0.93). TC GAM residuals are close to Gaussian (excess kurtosis = 1.31,220

W = 0.99), making the Gaussian assumption well-justified for tree cover. The heavy tails in AGB GAM residuals affect

primarily the confidence intervals and p-values of smooth terms, while estimated smooth shapes and deviance explained are

more robust to this violation.

Partial effects from the GAMs showed pronounced, non-linear associations between climate, disturbance, and anthropogenic

predictors and DGVM residuals for AGB and TC across Africa (Table S5). For AGB, temperature (bio1, bio4, bio6) and225

precipitation variables (bio12, bio15, bio18) all had significant effects, with strong partial effects of high precipitation (bio12,

F = 7.4) and wet-season precipitation (bio18, F = 20.8), indicating underestimation of biomass in wetter regions (Fig 4).

Mean temperature (bio1, F = 31.8) showed changes from negative to positive partial effects, while minimum temperature

of the coldest month (bio6, F = 42.4) showed the opposite response. For TC, climate responses were generally of lower

amplitude. Annual precipitation (bio12, F = 31.8) showed a marked positive partial effect at intermediate to high values,230

revealing systematic underestimation of tree cover in humid climates (Fig 5). Minimum temperature of the coldest month

(bio6, F = 9.5) showed changes from positive to negative partial effects.

Disturbance and anthropogenic variables displayed mostly monotonic partial responses in both models (Figs. 4, 5). Burned

area showed the strongest non-bioclimatic signal for AGB (F = 56.4) and the second strongest for TC (F = 23.4). Residuals

became increasingly negative with increasing burned area, indicating consistent overestimation of woody biomass and cover235

in frequently burned savannas and woodlands. This pattern implies that the aDGVM fire module does not reduce biomass and

tree cover sufficiently in regions with high fire activity. Human Footprint Index had a strong negative effect in both models

(AGB: F = 16.3; TC: F = 18.4), with residuals declining steeply above intermediate HFI values, suggesting that the model

overestimates vegetation in heavily human-modified landscapes. Livestock density also showed negative partial effects (AGB:

F = 14.8; TC: F = 10.5), consistent with under-representation of large-scale herbivory in the aDGVM. In contrast, population240

density and N deposition showed positive partial effects in both models, meaning that aDGVM underestimates biomass and tree

cover in densely populated areas and regions with high N deposition. In both models, the spatial smooth retained strong large-

scale structure, with broad regions of positive and negative partial effects, indicating substantial residual spatial organization

beyond the included drivers.
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3.2 Drivers of aDGVM-data residuals245

Our analysis revealed only weak agreement between the most important drivers of AGB and TC residuals (Fig. 6). Agreement

was mostly found in southern Africa where bio6 (minimum temperature of coldest month) was the dominant driver. Overall,

bio6 was the main driver for AGB (in 60.8% of grid cells, Table 2), followed by bio1 (mean annual temperature, 21.6% of

grid cells) and, in areas neighboring central African rainforests, fire (9.7%) and drivers related to human impact. In contrast,

for tree cover, anthropogenic drivers were dominant in most areas north and south of the rainforests (HFI 21.6% of grid cells,250

burned area 12.1%). In the tropical rainforests, bio15 (precipitation seasonality) was identified as dominant driver explaining

tree cover residuals. In total, climate-related variables explained AGB residuals in 82.9% of the grid cells but only in 57.7%

for tree cover.

Dominant drivers differed between biomes (Tables 2, 3). For instance, tree cover residuals in C4 savannas were mainly

explained by bio6, followed by HFI. In forests, residuals were mainly explained by the precipitation-related variables bio12255

and bio15.

Variance partitioning revealed that the majority of explainable R2 is shared among predictor groups rather than by any single

group (Fig. 7, Table S4). Shared variance accounted for 78.5% of total explainable R2 for AGB and 78.3% for TC, reflecting

the strong co-linearity of climate, human pressure, disturbance, and spatial structure along Africa’s main ecological gradients.

Among the unique contributions, the spatial smooth had the largest independent effect (AGB: 11.0%; TC: 9.6% of explainable260

R2), confirming that unmeasured spatially structured processes contribute substantially even after all predictors are accounted

for. Climate had the second-largest unique contribution (AGB: 5.5%; TC: 7.3%), followed by human pressure (AGB: 2.9%;

TC: 3.0%) and disturbance (AGB: 2.1%; TC: 1.8%). When considered in isolation, climate and spatial structure each explained

the majority of variance individually (C alone: 75.4%/83.2%; S alone: 89.4%/85.7% of explainable R2 for AGB/TC), but most

of this is co-explained with the other groups. The biome-only baseline R2 was 0.011 for AGB and 0.298 for TC, indicating265

that tree cover varies more systematically with biome type than aboveground biomass does.

4 Discussion

4.1 Structured residuals and driver attribution

The full GAMs explained 80.3% of AGB and 78.5% of TC residual deviance, and spatial block cross-validation confirmed

that models generalize well to held-out regions (∆R2 ≈ 0.02). This supports the first hypothesis: aDGVM residuals are not270

random noise but display strong, non-random spatial structure and systematic variation along environmental and anthropogenic

gradients. These findings indicate structured model deficiencies rather than random error. The strong differences between

biomes further illustrate this structure: biome type alone explains 29.8% of TC but only 1.1% of AGB residual variance

(model M1), confirming that TC residuals are more strongly biome-structured than AGB residuals. This large difference can

be explained by the biome classification scheme applied to aDGVM results: this scheme is based on tree cover thresholds and275

grass biomass, while tree biomass is not used. Therefore, biomes reflect different ranges of tree cover. The dominant-driver
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analysis and variance partitioning provide complementary perspectives on this structure. The dominant-driver map identifies

where each group of drivers has its largest absolute effect, and variance partitioning quantifies what fraction of variance is

uniquely attributable to each group. These perspectives diverge: climate was identified as dominant in 82.9% of AGB grid

cells, yet its unique R2 contribution was only 5.5%, because ≈78% of explainable variance is shared among all predictor280

groups. This result is a direct consequence of Africa’s steep ecological gradient from equatorial rainforest to arid savanna,

along which climate, fire activity, and human pressure are all strongly correlated.

The second hypothesis is supported but the magnitude of fire and human impact is lower than expected. Fire and human

pressure together dominate TC residuals in 42.3% of grid cells and AGB residuals in only 17.3%. Fire was the dominant driver

in only 9.7% of AGB and 12.1% of TC grid cells. Two explanations are plausible. First, climate-driven model uncertainties may285

be large enough to dominate the residual signal, leaving limited variance for other factors. Second, the aDGVM fire module

may already capture the most important patterns of fire impacts adequately. In either case, the finding reframes development

priorities: since climate-calibration errors account for the majority of model bias, improving hydroclimate sensitivities would

yield larger bias reductions than adding missing process modules such as nitrogen cycling or land use alone. The contrasting

results for AGB and TC are ecologically meaningful. AGB is the direct result of net primary production simulated by aDGVM290

and is tightly coupled to temperature and water availability. Climate biases propagate directly into AGB residuals. Tree cover,

in contrast, is derived from simulated crown areas and a heuristic factor describing density-dependent crown overlap, and is

influenced by the ratio of savanna and forest trees due to their different crown architectures. This introduces model-specific

uncertainty that may amplify the role of unresolved variation. Generally, tree cover emerges from a dynamic equilibrium

between tree growth, fire-driven mortality, and herbivory that can sustain alternative stable states (Staver et al., 2011; Hirota295

et al., 2011; Higgins et al., 2023). Above ≈650 mm mean annual precipitation, disturbance regimes rather than rainfall become

the primary regulators of tree cover (Sankaran et al., 2005), which explains why a larger share of TC residuals reflects fire and

human pressure.

The third hypothesis is also confirmed. Even with all predictors included, the spatial smooth retains large effective degrees

of freedom (AGB: 47.9; TC: 46.1), and its unique R2 contribution (11.0% AGB, 9.6% TC) exceeds that of any other predictor300

group. This persistent spatial structure points to missing processes that are spatially organized but not captured by the included

variables, including soil physical properties (Higgins et al., 2023), groundwater access, wild megafauna (Pachzelt et al., 2015),

and continental-scale land-use history. Additionally, this spatial variance likely captures the regional-scale legacy effects of the

alternative stable states (Moncrieff et al., 2014), where localized fire histories or past disturbances have locked vegetation into

specific structural states independently of current macro-environmental drivers (e.g., Archibald et al., 2013; Case and Staver,305

2017).

4.2 GAMs as diagnostic tools for DGVMs

We used GAMs to model residuals between aDGVM results and remote sensing data. In contrast to machine learning ap-

proaches such as random forests, GAMs produce directly interpretable smooth functions and partial dependency, enabling

rigorous process attribution and realistic extrapolation (Wood, 2017; Pedersen et al., 2019). Treating data-model differences310
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as residuals to be modeled, rather than as descriptive error maps, transforms DGVM evaluation from ranking to diagnosis

(Langan et al., 2025). Thereby, the combination of systematic variable selection, concurvity diagnostics, and spatial block

cross-validation is essential. Random cross-validation would yield optimistic performance estimates under spatial autocorrela-

tion, whereas spatial block CV provides realistic out-of-sample errors and guards against interpreting spatially autocorrelated

noise as explained variance.315

Our framework is generic and not limited to aDGVM or Africa. Applying the same approach to other models such as LPJ-

GUESS or CLM would allow the community to distinguish model-specific from general process deficiencies. Our findings are

broadly consistent with evaluations of other DGVMs, which report analogous patterns of overestimation of biomass in fire-

prone savannas and underestimation in humid forests (Kelley et al., 2013; Forkel et al., 2019), suggesting that the identified

deficiencies reflect structural limitations common to current-generation DGVMs.320

4.3 Implications for aDGVM development

The partial effects and driver importance analyses identify five priority areas for aDGVM improvement. First, and most

critically, hydroclimate calibration: bioclimatic variables dominate residuals across the continent. The model underestimates

biomass and tree cover in humid regions (high annual precipitation, bio12, and high precipitation of warmest quarter bio18)

and shows reversal of the sign of effects of mean annual temperature (bio1) and minimum temperature of the coldest month325

(bio6) responses, indicating that drought sensitivity and wet-season productivity are systematically mis-calibrated. Because

climate errors account for the majority of the total bias, improving these sensitivities offers the largest potential reduction in

model-observation mismatch. Second, fire: residuals decrease strongly with burned area, indicating that the fire module does

not reduce biomass and tree cover sufficiently in high-fire-frequency regions. Third, nitrogen cycling: N deposition shows

positive partial effects in both models, meaning the model underestimates productivity in high-N-deposition regions, a conse-330

quence of the absence of a nitrogen cycle in aDGVM. Fourth, land use and herbivory: negative effects of HFI and livestock

density point to insufficient representation of land degradation and grazing. While land-use processes have been implemented

in aDGVM at regional scale (Scheiter and Savadogo, 2016; Scheiter et al., 2019), continental-scale parameterization is lack-

ing. Wild megafauna, such as elephants, buffalo, or wildebeest, additionally exert browsing and grazing impacts that exceed

livestock density in many protected areas (Sankaran et al., 2008) and were only included at local scale in the aDGVM (Scheiter335

and Higgins, 2012). Wild animals were included in the LPJ-GUESS but their impact on biome patterns and carbon was low

(Pachzelt et al., 2015). Fifth, soil properties and plant hydraulics: the remaining spatial signal likely reflects missing edaphic

and hydraulic controls on woody cover, including soil texture and water-holding capacity. While soil properties are included in

aDGVM simulations, we did not include them as predictors in our GAM analyses.

The importance of main drivers of aDGVM-data residuals varied systematically across biomes. TC residuals in C4 savannas340

were primarily explained by bio6 and HFI, whereas in forests precipitation-related variables (bio12, bio15) dominated. This

biome-specificity highlights that no single process improvement will uniformly reduce aDGVM bias across Africa; targeted

interventions are needed for different ecosystem types.
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4.4 Caveats and limitations

Our approach has several limitations. The remote-sensing benchmark products carry spatially structured uncertainty. Signal345

saturation in radar-based retrievals can lead to underestimation of AGB in dense tropical forests, while spectral similarity

between tree canopy, tall shrubs, and senescent grass introduces errors in semiarid systems. Because these uncertainties are

spatially structured, they may generate patterns in the GAM residual surface that reflect measurement error rather than aDGVM

process deficiencies. Future analyses would benefit from propagating product-specific uncertainty estimates directly into the

residual model.350

The GAM framework assumes Gaussian errors; however, the AGB model residuals show excess kurtosis (5.44; Shapiro–

Wilk W = 0.93), indicating heavier-than-Gaussian tails. Confidence intervals and p-values for GAM smooth terms may there-

fore be slightly anti-conservative and should be interpreted with caution.

The bioclimatic predictor variables were derived from the same climate forcing used to drive aDGVM (MPI-ESM, Martens

et al., 2021) rather than from observational products such as CHELSA (Karger et al., 2017) or WorldClim (Fick and Hijmans,355

2017). Any systematic biases in climate data used as driver in aDGVM therefore affect both the residuals and the predictor

values, potentially obscuring the true relationship between observed climate and model performance. Similarly, biomes were

derived from aDGVM simulations and may therefore bias the contribution of biome in the GAMs.

5 Conclusions

This study demonstrates that aDGVM residuals in aboveground biomass and tree cover across Africa are not random noise360

but carry structured, interpretable signals of model deficiencies. By modeling these residuals with GAMs against climate,

fire, human pressure, and spatial structure, we transform a standard model evaluation exercise into a quantitative diagnostic.

Climate mismatches dominate AGB errors (82.9% of grid cells), while fire, human pressure, and herbivory play a proportionally

larger role for tree cover (42.3% of grid cells), reflecting the distinct ecological controls on each variable. Notably, climate

errors, not the processes known to be absent from aDGVM such as nitrogen cycling and land use, dominate the model bias.365

This implies that re-calibrating existing relations between vegetation and hydroclimate would reduce the mismatch more than

adding missing process modules alone. Soil properties, wild megafauna, and continental-scale land use emerge as the additional

missing processes responsible for the persistent spatial bias that remains after all predictors are accounted for. The framework

is not limited to aDGVM or Africa; it is generic, computationally tractable, and directly translates model-data mismatches into

prioritized development targets. As satellite-derived benchmark datasets continue to improve in spatial resolution, temporal370

depth, and uncertainty quantification, residual-based GAM frameworks of this kind offer a powerful pathway for turning the

growing volume of Earth observation data into actionable guidance for next-generation vegetation model development, with

direct implications for the accuracy of terrestrial carbon cycle projections and climate change assessments.
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Table 1. Comparison of different GAMs for biomass and tree cover, see Table X for definition of models M0 to M9. ‘DevExpl’ is deviance

explained by the GAM, ‘RMSE’ is root mean squared error.

Model AGB TC

DevExpl R2 RMSE DevExpl R2 RMSE

M0 0.657 0.654 31.2 0.351 0.346 20.3

M1 0.718 0.715 28.3 0.714 0.711 13.5

M2 0.726 0.722 27.9 0.451 0.443 18.7

M3 0.771 0.767 25.5 0.766 0.762 12.2

M4 0.681 0.676 30.1 0.379 0.371 19.9

M5 0.739 0.735 27.2 0.737 0.733 12.9

M6 0.700 0.696 29.2 0.390 0.383 19.7

M7 0.758 0.754 26.2 0.749 0.745 12.6

M8 0.759 0.754 26.2 0.475 0.464 18.3

M9 0.803 0.798 23.7 0.785 0.780 11.7
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Table 2. Driver importance per biome. Percent of grid cells per biome where different drivers are most important to explain AGB residuals.

Biome bio1 bio4 bio6 bio12 bio18 BA HFI LS Ndep PD

all 21.62 0.23 60.83 0.02 0.20 9.71 3.50 1.05 2.69 0.17

Desert 16.67 0.00 83.33 0.00 0.00 0.00 0.00 0.00 0.00 0.00

C4 gr 33.33 0.00 62.50 0.00 0.00 3.65 0.52 0.00 0.00 0.00

C3 gr 0.00 0.00 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

C4 sav 26.26 0.03 64.28 0.00 0.03 5.96 2.02 0.80 0.52 0.07

C3 sav 0.00 0.00 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Woodl 8.62 0.42 70.21 0.00 0.50 13.89 3.93 1.00 1.17 0.25

Forest 21.85 0.46 47.90 0.06 0.29 13.86 6.04 1.61 7.65 0.29
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Table 3. Driver importance per biome. Percent of grid cells per biome where different drivers are most important to explain tree cover

residuals.

Biome bio6 bio12 bio15 bio18 BA HFI LS Ndep PD

all 21.47 20.09 14.65 1.51 12.11 21.62 1.36 1.73 5.46

Desert 66.67 0.00 16.67 0.00 0.00 16.67 0.00 0.00 0.00

C4 gr 52.08 0.00 31.25 0.00 6.25 4.17 1.56 0.00 4.69

C3 gr 100.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

C4 sav 34.08 13.43 11.75 0.17 10.95 23.58 2.20 0.59 3.24

C3 sav 40.00 0.00 0.00 0.00 0.00 30.00 0.00 0.00 30.00

Woodl 12.80 27.36 7.11 2.01 15.98 22.85 0.59 3.43 7.87

Forest 2.42 28.69 22.89 3.57 12.25 19.55 0.52 2.65 7.48
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Figure 1. Modeled and observed aboveground biomass. Modeled aboveground biomass was derived from aDGVM simulations in Martens

et al. (2021), observation-based biomass from Ross et al. (2021).
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Figure 2. Modeled and observed tree cover. Modeled tree cover was derived from aDGVM simulations in Martens et al. (2021), observation-

based tree cover from Ross et al. (2021).
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Figure 3. aDGVM and GAM residuals. Residuals of aboveground biomass and tree cover between aDGVM simulations and Ross et al. (2021)

observation-based map, as well as residuals predicted by the final GAM M9 including spatial effects, biome type, bioclimatic variables, and

anthropogenic factors.
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Figure 4. Partial effects in GAMs for AGB. The figure shows the partial effects of variables included in the final GAM M9 for aboveground

biomass.
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Figure 5. Partial effects in GAMs for tree cover. The figure shows the partial effects of variables included in the final GAM M9 for tree

cover.
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Figure 6. Dominant driver for tree cover and AGB. Drivers were obtained by identifying the predictor with the maximum absolute partial

effect in the GAM predictions. Dominant drivers differ largely between tree cover and AGB.
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Figure 7. Variance partitioning of GAM residuals for aboveground biomass (AGB) and tree cover (TC). Bars show the percentage of total

explainable R2 (full model minus biome baseline) attributed to each component. Unique contributions are the marginal R2 gained when

each group is added last to the full model. Shared/joint variance is co-explained by two or more groups and reflects the spatial co-linearity of

predictor groups along Africa’s main ecological gradients. C = Climate, D = Disturbance, H = Human pressure, S = Spatial smooth.
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