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Abstract. Vegetation net productivity is a key variable in ecosystem functioning. Understanding how its functional response 

to rainfall in drylands is affected by altered rainfall amounts and variability is therefore vitally important to understand 

consequences of climatic change for those water-limited ecosystems. Here, we show how this functional response is affected 

by below and above 30-year-average rainfall conditions in two arid to semi arid subtropical regions in West and South West 

Africa differing markedly in interannual rainfall variability (higher in South West Africa, lower in West Africa). Shifting 15 

linear regression models (SLRs) were used with annual precipitation (satellite derived African Rainfall Climatology 2, 

ARC2) as explanatory variable and annual satellite-derived vegetation productivity proxies (normalized difference 

vegetation index, NDVI) as response variable to estimate the gridded vegetation functional response to rainfall. From the 

SLRs, time series of responses were derived and analyzed along gradients of mean annual precipitation. Vegetation 

responses to rainfall show a unimodal response along rainfall gradients. While responses for South West Africa are higher 20 

during dry periods for mean annual precipitation < 500 mm and spatially more variable, the responses to climate for West 

Africa are generally low and spatially less dynamic. Those patterns follow differences in interannual rainfall amount 

variability (higher in South West Africa). Regional peaks of vegetation response to rainfall along mean annual precipitation 

are found at precipitation values with similar interannual variability in growing season length. Vegetation type (MODIS 

MCD12C) specific response to rainfall mostly follows observed responses along rainfall gradients leading to region specific 25 

responses for each vegetation type. We conclude that higher rainfall amount variability enhances regional-scale vegetation 

response to rainfall plasticity and thus dryland ecosystem resilience to dry periods. Those results apply irrespective of 

vegetation type and thus evidence the fundamental role of rainfall variability in ecosystem functioning. Presented results 

moreover imply that the Sahel region (West Africa) although currently recovering from drought might be highly susceptible 

to future dry periods. 30 
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1 Introduction 

The importance of rainfall and water availability for dryland vegetation functioning has long been recognized and shown in 35 

numerous studies (Fischer and Turner, 1978; Le Houérou, 1984; Lauenroth and Sala, 1992; Westoby et al., 1989). That is, 

strong interannual fluctuations in rainfall amounts drive an analogous variability in vegetation dynamics from year to year 

(Noy-Meir, 1973). 
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In particular, vegetation net productivity is a key variable in terrestrial ecosystem functioning (Paruelo et al., 1999), as it 

represents the underlying driving force of all trophic ecosystem levels (McNaughton et al., 1989) and carbon budgets (e.g. 

Knapp et al., 2008) and thus connects plant-scale metabolic processes with ecosystem structure (Brown et al., 2004). 

Drylands cover nearly 40 % of the global terrestrial surface and make up a similar number of the global terrestrial share of 

net primary production (Wang et al., 2012). Thus, climate model predictions of globally altered water availability in the 5 

upcoming century (Prudhomme et al., 2014) pose an urgent need to better understand dryland vegetation response to rainfall 

and future changes thereof (Jin and Goulden, 2014; Weltzin et al., 2003).  

Vegetation response (β) to rainfall may be defined as any change in vegetation activity and consequently production or cover 

over time with a corresponding change in rainfall over the same time period for a given location (Good and Caylor, 2011; 

Verón et al., 2005). The response is regularly estimated from linear models as slope or linear coefficient ingesting rainfall as 10 

explanatory and vegetation productivity (or a proxy thereof) as the response variable (Bai et al., 2008; Fensholt and 

Rasmussen, 2011; Huxman et al., 2004; Lauenroth and Sala, 1992; Paruelo et al., 1999; Ponce Campos et al., 2013; Verón et 

al., 2002). β thus translates water availability during a period of net growth into any ecosystem or plant specific functional 

response as a function of the integral of other constraints potentially influencing plant growth (Grime, 2002).  

Along a gradient of mean annual precipitation (MAP) stretching across arid to semi-arid regions linear coefficients usually 15 

form a unimodal response curve (Camberlin et al., 2007; Hsu et al., 2012; Jin and Goulden, 2014) following a shift of the 

relative importance of the factors limiting plant growth and consequently any response of vegetation to rainfall (Paruelo et 

al., 1999). In the arid-most parts physiological constraints such as adaptions of stomatal conductance to high vapour pressure 

deficit (VPD) and low specific leaf area affect the relative growth rate (Chapin, 2003) and consequently limit the plant 

specific β. Approaching the semi-arid regions around 300-600 mm MAP, β increases towards a region-specific local 20 

maximum (Camberlin et al., 2007; Le Houérou, 1984; Paruelo et al., 1999) marking the transition zone from physiological to 

rather edaphic constraints on plant growth (Lauenroth and Sala, 1992). A rapid decrease in β is often observed after the peak 

ascribed to the increasing limiting power of nutrients and a decrease of the governing power of precipitation (Breman and de 

Wit, 1983; Paruelo et al., 1999). Moreover, local fire regimes and land use practices increasingly shape vegetation dynamics 

(Campo-Bescós et al., 2013; Good and Caylor, 2011; Scholes and Archer, 1997).  25 

There have been several attempts to model β response to changing hydroclimatic conditions using a space for time approach 

(e.g. Huxman et al., 2004; Jin & Goulden, 2014). Other studies have split time series of vegetation productivity and rainfall 

into two separate sections a priori assuming differences in the prevailing rainfall conditions (e.g. Anyamba, Small, Tucker, 

& Pak, 2014; Kaptué, Prihodko, & Hanan, 2015). However, no attempt to explicitly describe any ecosystem specific reaction 

to altered hydroclimatic conditions with respect to eco-hydrological traits such as β has been made on a regional scale. 30 

Additionally, there is evidence that greater environmental heterogeneity (such as rainfall variability) affects the way 

ecosystems react on changing resource availability (D’Odorico and Bhattachan, 2012; Holmgren et al., 2013). Lázaro-Nogal 

et al. (2015)  found greater phenotypic plasticity being associated with higher rainfall variability in dryland plant 

communities which is considered an important feature for dryland ecosystems in face of future changes in rainfall. Thus, it 

may be hypothesized that higher rainfall variability promotes a more dynamic vegetation functional response to rainfall. 35 

Consequently, integrating the unimodality framework with proxies for environmental heterogeneity over wet and dry periods 

will help to reveal potential regional-scale vulnerabilities to changes in water availability. 

In this study, we present results from a novel approach to analyse the spatiotemporal relationship between vegetation and 

rainfall in drylands providing the basis for predictions of future dryland vegetation sensitivities to short- and long-term 

changes in rainfall. The approach involves shifting linear regression models (SLR) producing a time series of linear slope 40 

coefficients based on gridded time series of vegetation productivity proxies and rainfall estimates covering nearly three 

decades (1983 - 2011). We explore the spatial response functions of β along gradients of MAP during relatively dry and wet 

conditions for two dryland regions in subtropical Africa (West Africa, WA, and South West Africa, SWA) characterized by 

distinctly different patterns of interannual hydroclimatic variability.  
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Specifically, (1) we test the importance of interannual rainfall variability on the response to changes in hydroclimate (dry or 

wet) assessed by the shape and amplitude of the β curve over a MAP gradient for the two study regions. (2) We analyse peak 

β positions with respect to MAP and interannual coefficients of variation of rainfall amounts and wet season length. (3) We 

analyse β for the three major vegetation types of African drylands (savannas, grass and crop type vegetation, and shrubs) to 

reveal vegetation specific differences.  5 

2. Materials and Methods 

2.1 Study regions 

The importance of rainfall amount and variability for vegetation response was assessed in two major African dryland 

regions, namely South West Africa (SWA) and West Africa (WA) (Fig. 1). The MAP gradients in these regions range from 

approximately 20 mm to >900 mm. However, only regions with MAP < 900 mm were considered as above this threshold 10 

rainfall strongly loses its predetermining influence on vegetation (Good and Caylor, 2011; Sankaran et al., 2005). 

The SWA study region (Fig. 1a) is characterized by a southern-centric summer rainy season which lasts approximately from 

November to April with the south-western parts experiencing significantly shorter seasons compared to the north-east. 

Interannual variability of rainfall strongly increases with decreasing MAP (Fig. 2a). Vast areas of this region are covered by 

shrub and savanna vegetation and only minor parts are characterized by grassland (Supplementary Material S1). 15 

The WA study region (Fig. 1b) is characterized by a northern hemisphere summer precipitation regime receiving nearly all 

annual precipitation during the rainy period between July and October. As for SWA, the interannual precipitation variability 

increases with decreasing MAP (Fig. 2a). Large parts of this region are characterized by grassland or savanna vegetation 

(Supplementary Material S2). 

An important difference in the rainfall variability regime exists between the two regions (Fig. 2). SWA generally experiences 20 

higher interannual variability in absolute rainfall amounts for any given MAP (Fig. 2a). However, the inverse pattern is 

observed for season length where WA generally is characterized by a higher interannual length of the wet season variability 

(Fig. 2b). A more detailed description of the study regions can be found in Supplementary Material. 

2.2 Vegetation productivity proxies 

Normalized difference vegetation index (NDVI3g; 8 km, biweekly temporal resolution) (Pinzon and Tucker, 2014) data was 25 

used to derive annual proxies of vegetation productivity from 1983 to 2011. The NDVI is closely coupled to the fraction of 

photosynthetically active radiation absorbed by vegetation (fAPAR) in dryland areas (Fensholt et al., 2004) and has been 

shown to be closely linked to ecosystem scale carbon fixation (Poulter et al., 2014) and consequently net biomass production 

(Brandt et al., 2014; Tucker et al., 1985). Particularly the cyclic part of the greenness signal measured throughout the 

growing season is most strongly coupled to vegetation productivity (Dardel et al., 2014; Olsen et al., 2015).  30 

We used a phenological parameterization model (Gangkofner et al., in press) to derive the cyclic part of the annual 

vegetation signal (Supplementary Material). We subsequently used this annual “cyclic fraction” as a proxy for vegetation 

productivity. To overcome the issue of dimensionality (due to the non-dimensional character of the NDVI) when comparing 

it to rainfall data we normalized annual productivity proxies to z-scores as zi = (xi-µ)/σ where zi represents the z-score of the 

vegetation proxy value xi of time step i of the time series and µ and σ are the time series mean and standard deviation, 35 

respectively, for any given grid cell.  

2.3 Rainfall data 

Data of the African Rainfall Climatology version 2, ARC2, (Novella and Thiaw, 2013) were obtained and bi-linearly 

resampled to match the GIMMS NDVI spatial resolution. The daily rainfall estimates were then summed annually, where 
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one year in the WA region lasts from January to December (northern hemisphere summer centric) and from August to July 

in the SWA region (southern hemisphere summer centric). In months where no ARC2 data were available, a monthly 

estimate from the Global Precipitation Climatology Project (GPCP) v2p2 product (Adler et al., 2003) was resampled to 

GIMMS NDVI resolution and scaled to monthly rainfall sums assuming a month of length 365/12 days. To maintain 

comparability, annual rainfall sums were transformed to z-scores following the procedure described for vegetation 5 

productivity proxies. 

To analyse β response to the local climatic regime, we calculated pixelwise mean annual precipitation (MAP (mm)) and 

mean rainy season length (MSL (months)). A month was considered as belonging to the rainy season when it received more 

than 20 mm of rainfall. To additionally account for climatic variability we computed the pixel-wise coefficient of variation 

from MAP (CVP) and MSL (CVS) as CV = σ/µ. 10 

2.4 Land cover data 

We used MODIS (MCD12C; 0.05° spatial resolution, annual temporal resolution) Type 3 land cover data (nearest-neighbour 

resampled to match GIMMS NDVI spatial resolution) to distinguish the vegetation-type-specific response to rainfall. 

Information about long-term stable vegetation type was obtained as follows: The sub-pixel land cover frequency was 

obtained per pixel, land cover class and year. For each year, each pixel was categorized into the land cover class with the 15 

highest sub-pixel frequency if the frequency was above 80 %. If it was below this threshold the pixel was disregarded from 

further analysis. We only considered land cover classes “Grasses/Cereal crops”, “Shrubs” and “Savanna” as those classes 

denote the vegetation types most frequently found in the study regions.  

2.4 Shifting linear regression models 

To obtain estimates of vegetation response to rainfall we computed shifting linear regression models (SLRs) and derived the 20 

linear slope coefficients β. The coefficients were obtained using ordinary least square methods (OLS). The SLR is computed 

for a given set of years of the time series with temporal window length W, where rainfall is the explanatory variable and the 

vegetation productivity proxy is the response. In the next step the window is shifted by one year and the model is 

recalculated to derive a new linear coefficient (β). For a more detailed description of the SLR procedure see Supplementary 

Material S3. For each grid cell thus a time series of linear slope coefficients of length n+1-W was obtained where n is length 25 

of the input data time series and W is the temporal window length over which the SLRs are calculated. We used W of length 

7, 11, 15 and 21, respectively in order to examine the potential effect of different window lengths. All pixels reporting 

negative slope values were omitted from further analysis as assumed to be a product of poor data quality (Camberlin et al., 

2007). 

2.5 Spatial analysis 30 

All β coefficients were consequently assigned one of two classes; “dry” or “wet” representing the relative hydroclimatic 

condition during the respective model time step i. Thus, if MAPi > MAP for any given grid point that cell for time step i was 

assigned the class “wet”, otherwise “dry”. All coefficients were then binned over 1 mm MAP steps and hydroclimatic class 

(dry and wet). 

We used Generalized Additive Models (GAMs) (Hastie and Tibshirani, 1987; Wood, 2006) to analyse the slope response 35 

curve with MAP as the explanatory variable and the binned linear coefficients as the response.  

In a next step, we analysed differences in peak β with respect to absolute β values (βmax), MAP position, CVP position 

(interannual CV of rainfall amounts) and CVS position (interannual CV of wet season length). For this, the upper 90th 

percentile of the fitted response curve of β (βmax) was extracted. Analogously, we extracted the corresponding MAP values 

(MAP position, MAPβ-max) and CVP (CVPβ-max) and CVS (CVSβ-max) values derived from the scatter plot of CVP and CVS 40 
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versus MAP, respectively (Fig. 2). To test for differences with respect to window size W, study region and hydroclimatic 

period we compiled two-way ANOVAs with subsequent pairwise Tukey tests. 

We further analysed the response to rainfall of the three main vegetation types found in the two study regions (savanna, 

shrub and grass/cereal crop type vegetation) with respect to hydroclimatic period and W. The window length of 7 (years) 

was omitted from this analysis as several land cover types for W = 7 did not contain data. 5 

3 Results 

3.1 Vegetation response to rainfall along MAP gradients 

The response functions of β along the gradient of MAP based on generalized additive models (GAMs) (Fig. 3) show that 

both regions exhibit pronounced unimodal response curves of β along MAP, although significant differences exist. All fitted 

models are significant (p < 0.001, Table 1) and the overall fit as indicated by the R2 value is generally higher in the SWA 10 

region as compared to WA. Both regions in general have higher model R2 during dry periods as compared to wet periods 

(Table 1). 

The curves for SWA (Fig. 3, top row) show clearer unimodality for both hydroclimatic periods (wet and dry) and the 

separation between wet and dry periods generally has a strong effect on the curves. While vegetation response to rainfall 

tends to be lower during wet periods for MAP < 500 mm this reverses for higher MAP as indicated by the intersecting 15 

curves. In general, W has little overall impact on the curves although the differences between wet and dry tend to decrease 

with increasing W. 

The unimodal shape is less clearly apparent in the WA region (Fig. 3, bottom row) resulting from a lower dynamic range and 

a broader peak in the shape of the curve as compared to SWA. Generally, β values for a given MAP are equal or smaller in 

the WA region compared to SWA. A consistent though weak effect of climate is only apparent except for W=21 with wet 20 

period β being higher along the entire MAP gradient. The general effect of window size is similarly low as in SWA. 

3.2 Dynamics of peak vegetation response to rainfall 

Peak β values (βmax) in the SWA region are on average 43 % higher compared to the WA region (p<0.001, Table 1, Fig. 4a). 

Consequently, differences between the regions account for the largest part of the total data variability. Yet, when each region 

is considered separately, hydroclimate strongly impacts βmax in the SWA region compared to W. Peak β values decrease 25 

from dry to wet (23 % on average) and with increasing W.   

On the contrary, hydroclimatic conditions hardly impact on βmax in the WA region, but again there is a slight tendency of 

peak β values to decrease with W. Overall, the βmax data show a high level of differentiation (overall coefficient of variation 

= 0.21) with all factorial pairwise comparisons being significantly different. 

Inter-region differences in MAPβ-max values are even more pronounced with MAP values at β peaks in WA being on average 30 

77 % higher compared to SWA (p<0.001, Table 1, Fig. 4b). In SWA, peak β MAP values generally increase from dry to wet 

and with increasing W. In WA, MAPβ-max is most strongly affected by the hydroclimatic period with dry MAPβ-max being on 

average 12 % lower than during wet periods (p < 0.001). There is no consistent effect of W although all between-W 

differences are significant. The overall strong differentiation of MAPβ-max results in a coefficient of variation of 0.29 and 

mostly pairwise significant differences. Yet, in the WA region between-W differences are partly non-significant. 35 

Between-region differences are responsible for a similar portion of the total variability of peak β position with respect to 

CVP (CVPβ-max). β peaks are found at CVP values which are on average 77 % higher in SWA compared to WA (p<0.001, 

Table 1 and Fig. 4c). Hydroclimatic period consistently accounts for most of the total variability of CVPβ-max in each region, 

although this is more strongly pronounced in WA. In both regions, CVPβ-max generally decreases from dry to wet whereas 

significant differences between Ws only exist in the SWA case (CVPβ-max decreases with increasing W). Overall variability 40 
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is considerable with a coefficient of variation of 0.28. Yet, this variance is mostly due to strong between-region differences 

with most between-W differences in the WA case being non-significant.  

The coefficient of variation of season length at the peak β position (CVS β-max) does not show a strong between-region 

difference (Fig. 4d). Although the difference is significant, CVSβ-max of SWA is on average only 11 % higher compared to 

WA. Yet, between-region differences with respect to W and hydroclimate exist: Similarly as for peak β CVP hydroclimatic 5 

period most strongly affects within-region variability in WA. However, in the SWA case both W and hydroclimate 

contribute approximately equally to the total variance. In general, peak β CVS is lower during wet periods and decreases 

slightly with W in the SWA instance. Overall differences are comparably small resulting in a total coefficient of variation of 

only 0.09. 

3.3 Vegetation type specific response to rainfall 10 

The vegetation specific response to rainfall (Fig. 5) suggests that grass type vegetation cover shows no significant difference 

between hydroclimatic periods irrespective of study region although some minor differences within study region between 

temporal window sizes (W) exist.  

Moreover, grass/crop β is consistently lower in WA compared to SWA. 

For savanna type vegetation β values in WA are significantly higher during wet periods only for the longest W. Yet, 15 

generally climate and W tend to have small effects on savanna β in WA. In the SWA region, β values are significantly higher 

during wet periods for the two longer Ws. There is a slight increase with increasing W during the wet period in the SWA 

region whereas no significant differences are observed during dry periods. 

A similar pattern is observed for shrub type vegetation in WA. There is a significant difference between hydroclimatic 

periods only in the case of W = 21 years. Yet, for this window size the difference is rather strong with wet periods producing 20 

remarkably higher β values. Between-W differences are only significant during wet periods. In SWA, shrub β for all cases 

are higher in dry periods. With increasing W, β tends to decrease only during dry periods.  

As may be expected given the overall stronger vegetation response to rainfall in SWA, all differentiated vegetation types 

have higher vegetation response β to rainfall in the SWA region compared to WA. 

4 Discussion 25 

This study shows how the differential regional-scale vegetation response to rainfall (β) varies between two African dryland 

regions based on gridded satellite derived vegetation productivity proxy and rainfall data. We have shown that a shifting 

linear regression model can successfully be applied to determine the local vegetation response to rainfall in dry and wet 

periods, respectively. Moreover, we have demonstrated how the response can be regionalized as a function of mean annual 

precipitation (MAP), changing water availability, interannual rainfall variability and vegetation type. 30 

4.1 Vegetation response to rainfall along MAP gradients 

Our results confirm that vegetation response β to rainfall follows the expected unimodality along MAP (Paruelo et al., 1999) 

for both study regions. Vegetation response β is generally higher or at similar levels for any given MAP in the SWA region 

than in WA region (Fig. 3). Moreover, SWA shows a stronger difference between hydroclimatic periods (dry vs. wet), has 

clearer unimodal shapes along the MAP gradient and possesses higher spatial variability. This agrees with the hypothesized 35 

higher β plasticity in regions with pronouncedly higher interannual variability in rainfall amounts (D’Odorico and 

Bhattachan, 2012; Lázaro-Nogal et al., 2015), such as SWA (Fig. 2b). This is also in line with findings indicating that 

increasing annual variability of rainfall promotes higher rates of carbon cycling (Thomey et al., 2011) as well as overall 

ecosystem processes (Knapp et al., 2002), as indicated by the higher SWA values of β compared to the WA region 

(characterized by less variable annual rainfall amounts). In addition, it points to the fact that a higher rain use efficiency 40 
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(RUE, vegetation production/precipitation) during dry periods (Huxman et al., 2004) might be particularly favoured by 

greater rainfall variability.  

We found generally higher GAM R2 values for dry periods than for their wet counterparts (Table 1). This indicates that 

during relatively dry periods MAP is the main determinant of vegetation response to rainfall, while during wetter periods 

other limitations such as nutrients (Breman and de Wit, 1983) or land use and fire (Sankaran et al., 2005) become relatively 5 

stronger factors. Moreover, generally higher GAM R2 values in SWA indicate an overall stronger effect of MAP on shaping 

β compared to WA.  

Particularly the SWA region shows some β sensitivity to W for absolute values, while the WA region's response to 

hydroclimatic period is altered with respect to W. As a result of the different regression window sizes different data points in 

the original time series are given different weighting. More generally, differences observed between dry and wet periods can 10 

be expected to diminish with increasing W as for larger window lengths the proportion of values feeding into wet and dry 

periods at the same time increases. The close proximity of the curves for the WA subset (Fig. 3 bottom) with respect to W 

and climate is interpreted as an indicator for the overall smaller dependence of β on hydroclimatic conditions in this region.  

Generally speaking, when comparing both regions it can be stated that the effect of W increases with the effect of climate 

which, however, is rather a product of averaging over different timespans than having an ecological meaning. 15 

There are small but apparent deviations of the actual data from the fitted curves. Those systematic deviations are interpreted 

to be caused by terrain effects leading to higher (e.g. local depressions or valleys) or lower (e.g. ridges) β values (Huntley, 

1982; Tietjen, in press) or local differentiation in land use. Consequently, β gradients over MAP should be considered over 

larger scales only while otherwise β	 has been reported to	 be monotonically increasing or decreasing with respect to MAP 

(Bai et al., 2008; Zhongmin et al., 2010).  20 

The spatially differential response of vegetation to above or below average rainfall challenges the common perception of a 

unifying maximum RUE during dry periods (Huxman et al., 2004; Ponce Campos et al., 2013). That is, while some regions 

in fact have notably higher response to rainfall during drier periods (for SWA of MAP < 500 mm), others show only minor 

and even inverse relationships (vast areas of the WA region, particularly for W=21). This pattern of higher β values during 

wet periods in fact may point to a positive effect of increasing atmospheric CO2 on semi-arid vegetation production being 25 

most strongly pronounced during periods of above average precipitation (Donohue et al., 2013; Poulter et al., 2014). This, 

however, implies as well that the degree to which an ecosystem responds to rising CO2 levels may depend on the rainfall 

variability regime. 

 Additionally, plants in dry environments are closely related in their phenology to the occurrence of wet seasons. Woody 

deciduous species, for example, regularly unfold their leaves already before the first rains of a wet season (Huntley, 1982), 30 

whereas herbaceous plants are triggered by and follow rainfall events very closely with a short delay (Huber et al., 2011). 

For either strategies, however, a reliably recurring rainy season is important and higher season length variability (Fig. 2b) 

can impede an optimal use of water which may ultimately lead to lower β during dry periods such as seen in WA. 

Generally, variability in rainfall amounts is found to have a strong effect on region-scale differences in the vegetation 

response to rainfall during wet and dry periods. The within-region expression is however shaped by several other variables 35 

such as distinct effects of atmospheric CO2 levels, topography, land use, and importantly, variability of wet season length 

(CVS, but see below).  

4.2 Dynamics of peak vegetation response to rainfall 

The upper 10th percentile of fitted β values (peak β) were extracted to analyse the regional scale vegetation functional 

response to rainfall to help explaining regional scale ecosystem plasticity to climatic change and its determinants.  40 

Peak β is strongly different between regions and shows more dynamic behaviour in the SWA region, where it is decreasing 

with increasing W and from dry to wet (Fig. 4a). This suggests a strong hydroclimatic control of absolute β values in the 
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SWA region. The systematic response of SWA, contrasted with the absence of a similar pattern in the WA case, further 

supports the finding that higher temporal hydroclimatic heterogeneity (CVP, Fig. 2a) leads to greater ecosystems scale 

functional plasticity (Lázaro-Nogal et al., 2015; Thomey et al., 2011). 

The MAP values at peak β differ markedly between regions with SWA having significantly lower peak β  MAP values (Fig. 

4b). We suggest that this is related to the variability of the season length CVS at peak β. Our study shows good agreement 5 

between CVS of the two different regions, and overall variability is remarkably low (Fig. 4d, coefficient of variation = 0.09). 

This suggests that a common unifying region independent optimal CVS (average of 0.30 and respectively 0.34 for WA and 

SWA) exists. Although a similar behaviour of CVS and CVP at peak β (Fig. 4c and d) is found with regard to W and 

hydroclimatic conditions, only for CVS values converge between regions and it is suggested that the positions of peak β 

MAP and peak β CVP predominantly are determined by their positions relative to CVS. Although, to date, edaphic and 10 

physiological constraints have been considered to determine the peak β  MAP of the unimodal response curve of β, we argue 

here that season length variability appears to have a strong effect on peak β  MAP. It seems that there is an optimal CVS (in 

this case 0.30 - 0.34), which allows for a maximum vegetation response to rainfall on a regional scale, while lower or higher 

CVS would lead to a decrease of β. The underlying mechanisms are likely to be similar as those for overall β response to 

MAP (see above).  15 

Although soils certainly shape the vegetation response β to rainfall at the local scale (Breman and de Wit, 1983) it is clear 

from Fig. 3 and 4 that they may have rather an “envelope function” in shaping the boundaries of regional scale response to 

altered rainfall. If they had a stronger effect, we would not expect peak β and its position along MAP to be as strongly 

dependent on climate as found in this study. Although the explanations for the existence of a peak (physiological adaptions 

below the peak, limiting nutrients above the peak (Paruelo et al., 1999)) certainly hold true, the area MAP range where those 20 

transitions and hence the peak are situated should not be considered stable within a region. 

4.3 Vegetation type specific response to rainfall 

Only small differences in β were observed for grass and crop type vegetation and this vegetation type hardly showed any 

response to altered hydroclimatic conditions irrespective of study region and W. The reason for this is likely that grasses 

usually regrow their entire above ground biomass annually with only limited possibility to adjust β to dry or wet periods. The 25 

slightly higher values of grass/crop β in SWA compared to WA further support the finding that higher CVP promotes a 

higher functional plasticity of grassland response to rainfall.  

There is ample divergence between regions and hydroclimatic periods for both shrub and savanna type vegetation. While in 

the SWA region shrubs show significantly higher β during dry periods this is not observed for WA. Higher β for shrubs in 

the SWA region during dry periods might be explained by findings documenting the ability of plants to relatively increase 30 

water use efficiency during drought through reducing nitrogen use efficiency and thus maintaining overall photosynthesis 

rates at similar levels (Wright et al., 2003). However, the absence and even inversion of this pattern for savanna and 

grass/crop vegetation (SWA) and for savanna, grass/crop and shrub type vegetation (WA) lead to two conclusions. Firstly, 

whether or not a particular ecosystem has higher β and consequently ecosystem scale water use efficiency during dry periods 

depends on the relative limiting degree of rainfall and thus on the position along the MAP gradient. Savanna and grass type 35 

vegetation are both found at considerably higher MAP values than shrubs in both study regions (Supplementary Material 

S4), leading to the assumption that the adaptability to dry periods is most strongly pronounced in the dryest regions (Lázaro-

Nogal et al., 2015). Secondly, whether there is an increase of β from wet to dry periods in those regions depends on the 

stability of the season length (Fig. 2). This study suggests that the degree to which an ecosystem can use larger water 

amounts efficiently during dry periods depends  most directly on the stability of the wet season length and is thus limited by 40 

CVS: an increase of CVS in a region with vegetation adapted to a stable and recurring rainy season may be expected to 

reduce its efficiency to exploit higher rainfall amounts during dry periods.  
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Arguably, the response curves are modified by the local vegetation composition with its distinct sensitivities to rainfall. 

However, MAP is a first order determinant of vegetation composition in arid and semi-arid regions (Huntley, 1982) and thus 

implicitly accounts for the vegetation specific reaction to rainfall. Hence, the differences of vegetation specific β between 

regions are rather a result of physiological and structural adaptions to differing environmental heterogeneity than being 

caused by different positions on the MAP gradient. This conclusion is based on our finding that all vegetation types are 5 

found in approximately the same regions of MAP for both regions (Supplementary Material S4).  

The distribution of the major vegetation types, however, indicates differences in the relative abundance between regions 

(Supplementary Material S4). While WA is rather dominated by grass/crop type vegetation, SWA is strongly dominated by 

savanna and shrub type vegetation. Thus, rainfall variability may have an indirect effect on vegetation composition with 

higher CVP promoting shrub type vegetation whereas lower CVP favours grass type vegetation (Gherardi and Sala, 2015). 10 

We note that rainfall from previous years may well contribute to explaining the patterns of β we have observed. However, it 

not least depends on the annual/perennial composition and age structure of the vegetation in any given dryland ecosystem to 

which degree rainfall from preceding years contributes to the response to rainfall of any given year. This is due to the fact, 

that previous years’ growth indeed affects the growth of perennials in any given year, which will in turn depend on the 

rainfall which fell during those previous years (Sala et al., 2012). Further on, there are accumulating effects of increasingly 15 

favourable microclimatic and edaphic growing conditions during periods with increasing rainfall. We thus accept this 

influence of previous years’ rainfall as leading into any β observed and thus producing an ecosystem specific functional 

response to rainfall. An additional analysis (Supplementary Material S5 – S7) moreover confirmed that the SLR model only 

considering rainfall of the same year supersedes models accounting for rainfall of previous years in most instances, both 

spatially as well as temporally. 20 

5 Conclusion 

The presented findings emphasize that future studies should not only focus on overall water availability (mm/year) when 

analysing vegetation response to rainfall but should as well account for changes in rainfall variability. As shown here, 

variability in both, rainfall total amounts as well as in season length, may be expected to greatly alter regional scale dryland 

ecosystem vulnerability or resilience to dry periods. The results suggest that WA and consequently the western Sahel region, 25 

while recently recovering from severe drought periods of the 1970s and 80s (Brandt et al., 2014; Dardel et al., 2014; 

Herrmann, Anyamba, & Tucker, 2005; Kaptué et al., 2015, Supplementary Material), can be expected to be highly 

vulnerable to future dry periods. Contrastingly, the SWA region including the Kalahari savanna landscape is likely to be less 

susceptible to changes in water availability given its widespread relatively high β values during dry periods.   

The region specific implications of ecosystem resilience to drought found here are remarkable also since the results are 30 

consistent irrespective of vegetation type, thereby providing a robust basis for future scenarios of vegetation adaption to 

regional climate change.  

Acknowledgements 

The National Aeronautics and Space Administration (NASA) Global Inventory Modelling and Mapping Studies (GIMMS) 

group is thanked for providing the GIMMS3g NDVI data set. Furthermore, the United States Geological Survey (USGS) 35 

Land Processes Distributed Active Archive Center (LP DAAC) is acknowledged for provision of the MODIS MCD12C 

data. The National Oceanic and Atmospheric Administration (NOAA) Climate Prediction Center (CPC) is thanked for 

sharing the African Rainfall Climatology 2 (ARC2) data set. The authors moreover acknowledge the provision of the Global 

Precipitation Climatology Project version 2.2 (GPCP v2p2) by the NOAA Earth System Research Laboratory (ERSL) Office 

of Oceanic and Atmospheric Research (OAR) Physical Science Division (PSD). This work is part of the European Space 40 

Biogeosciences Discuss., doi:10.5194/bg-2016-48, 2016
Manuscript under review for journal Biogeosciences
Published: 15 March 2016
c© Author(s) 2016. CC-BY 3.0 License.



10 
 

Agency (ESA) Data User Element (DUE) Diversity II and was also partly funded by the German Federal Ministry of 

Education and Research (BMBF) project OPTIMASS (01LL1302B). 

References 

Adler, R. F., Huffman, G. J., Chang, A., Ferraro, R., Xie, P., Janowiak, J., Rudolph, B., Schneider, U., Curtis, S., Bolvin, D., 

Gruber, A., Susskind, J., Arkin, P. and Nelken, E.: The Version-2 Global Precipitation Climatology Project (GPCP) Monthly 5 

Precipitation Analysis (1979 – Present), J. Hydrometeorol., 4, 1147–1167, 2003. 

Anyamba, A., Small, J., Tucker, C. and Pak, E.: Thirty-two years of Sahelian zone growing season non-stationary NDVI3g 

patterns and trends, Remote Sens., 6(4), 3101–3122, 2014. 

Bai, Y., Wu, J., Xing, Q., Pan, Q., Hunag, J., Yang, D., Han, X. and Huang, J.: Primary production and rain use efficiency 

across a precipitation gradient on the mongolia plateau, Ecology, 89(8), 2140–2153, 2008. 10 

Brandt, M., Mbow, C., Diouf, A. A., Verger, A., Samimi, C. and Fensholt, R.: Ground and satellite based evidence of the 

biophysical mechanisms behind the greening Sahel., Glob. Chang. Biol., 21(4), 1610–1620, 2014. 

Breman, H. and de Wit, C. T.: Rangeland productivity and exploitation in the Sahel, Science (80-. )., 221(4618), 1341–1347, 

1983. 

Brown, J. H., Gillooly, J. F., Allen, A. P., Savage, V. M. and West, G. B.: Toward a metabolic theory of ecology, Ecology, 15 

85(7), 1771–1789, 2004. 

Camberlin, P., Martiny, N., Philippon, N. and Richard, Y.: Determinants of the interannual relationships between remote 

sensed photosynthetic activity and rainfall in tropical Africa, Remote Sens. Environ., 106(2), 199–216, 2007. 

Campo-Bescós, M. A., Muñoz-Carpena, R., Kaplan, D. A., Southworth, J., Zhu, L. and Waylen, P. R.: Beyond precipitation: 

physiographic gradients dictate the relative importance of environmental drivers on Savanna vegetation., PLoS One, 8(8), 1–20 

14, 2013. 

Chapin, F. S.: Effects of plant traits on ecosystem and regional processes: A conceptual framework for predicting the 

consequences of global change, Ann. Bot., 91(4), 455–463, 2003. 

D’Odorico, P. and Bhattachan, A.: Hydrologic variability in dryland regions: impacts on ecosystem dynamics and food 

security, Philos. Trans. R. Soc. B Biol. Sci., 367(1606), 3145–3157, 2012. 25 

Dardel, C., Kergoat, L., Hiernaux, P., Mougin, E., Grippa, M. and Tucker, C. J.: Re-greening Sahel: 30 years of remote 

sensing data and field observations (Mali, Niger), Remote Sens. Environ., 140, 350–364, 2014. 

Donohue, R. J., Roderick, M. L., McVicar, T. R. and Farquhar, G. D.: Impact of CO 2 fertilization on maximum foliage 

cover across the globe’s warm, arid environments, Geophys. Res. Lett., 40(12), 3031–3035, 2013. 

Fensholt, R. and Rasmussen, K.: Analysis of trends in the Sahelian “rain-use efficiency” using GIMMS NDVI, RFE and 30 

GPCP rainfall data, Remote Sens. Environ., 115(2), 438–451, 2011. 

Fensholt, R., Sandholt, I. and Schultz Rasmussen, M.: Evaluation of MODIS LAI, fAPAR and the relation between fAPAR 

and NDVI in a semi-arid environment using in situ measurements, Remote Sens. Environ., 91(3-4), 490–507, 2004. 

Fischer, R. A. and Turner, N. C.: Plant productivity in the arid and semiarid zones, Annu. Rev. Plant Physiol., 29, 277–317, 

1978. 35 

Gangkofner, U., Brockmann, C., Brito, J. C., Campos, J. C., Wramner, P., Ratzmann, G., Fensholt, R. and Günther, K.: 

Vegetation productivity in drylands from Meris fAPAR Time series, in Proceedings of the Sentinel-3 for Science Workshop, 

ESA, Venice, Italy., 2015. 

Gherardi, L. A. and Sala, O. E.: Enhanced precipitation variability decreases grass- and increases shrub-productivity, Proc. 

Natl. Acad. Sci., 112(41), 201506433, 2015. 40 

Good, S. P. and Caylor, K. K.: Climatological determinants of woody cover in Africa., Proc. Natl. Acad. Sci. U. S. A., 

108(12), 4902–4907, 2011. 

Biogeosciences Discuss., doi:10.5194/bg-2016-48, 2016
Manuscript under review for journal Biogeosciences
Published: 15 March 2016
c© Author(s) 2016. CC-BY 3.0 License.



11 
 

Grime, J. P.: Plant strategies, vegetation processes and ecosystem properties, 2nd ed., John Wiley & Sons., 2002. 

Hastie, T. and Tibshirani, R.: Generalized Additive Models: Some applications, J. Am. Stat. Assoc., 82(398), 371–386, 

1987. 

Herrmann, S. M., Anyamba, A. and Tucker, C. J.: Recent trends in vegetation dynamics in the African Sahel and their 

relationship to climate, Glob. Environ. Chang., 15(4), 394–404, 2005. 5 

Holmgren, M., Hirota, M., van Nes, E. H. and Scheffer, M.: Effects of interannual climate variability on tropical tree cover, 

Nat. Clim. Chang., 3(8), 755–758, 2013. 

Le Houérou, H. N.: Rain use efficiency: a unifying concept in arid-land ecology, J. Arid Environ., 7, 213–247, 1984. 

Hsu, J. S., Powell, J. and Adler, P. B.: Sensitivity of mean annual primary production to precipitation, Glob. Chang. Biol., 

18(7), 2246–2255, 2012. 10 

Huber, S., Fensholt, R. and Rasmussen, K.: Water availability as the driver of vegetation dynamics in the African Sahel from 

1982 to 2007, Glob. Planet. Change, 76(3-4), 186–195, 2011. 

Huntley, B. J.: Southern African Savannas, in Ecology of tropical savannas, edited by B. J. Huntley and B. H. Walker, pp. 

101–119, Springer Verlag, Berlin Heidelberg New York., 1982. 

Huxman, T. E., Smith, M. D., Fay, P. A., Knapp, A. K., Shaw, M. R., Loik, M. E., Smith, S. D., Tissue, D. T., Zak, J. C., 15 

Weltzin, J. F., Pockman, W. T., Sala, O. E., Haddad, B. M., Harte, J., Koch, G. W., Schwinning, S., Small, E. E. and 

Williams, D. G.: Convergence across biomes to a common rain-use efficiency, Nature, 429(6992), 651–654, 2004. 

Jin, Y. and Goulden, M. L.: Ecological consequences of variation in precipitation: separating short- versus long-term effects 

using satellite data, Glob. Ecol. Biogeogr., 23(3), 358–370, 2014. 

Kaptué, A. T., Prihodko, L. and Hanan, N. P.: On regreening and degradation in Sahelian watersheds, Proc. Natl. Acad. Sci., 20 

112(39), 12133–12138, 2015. 

Knapp, A. K., Fay, P. A., Blair, J. M., Collins, S. L., Smith, M. D., Carlisle, J. D., Harper, C. W., Danner, B. T., Lett, M. S. 

and McCarron, J. K.: Rainfall variability, carbon cycling, and plant species diversity in a mesic grassland, Science (80-. )., 

298(5601), 2202–2205, doi:10.1126/science.1076347, 2002. 

Knapp, A. K., Briggs, J. M., Collins, S. L., Archer, S. R., Bret-Harte, M. S., Ewers, B. E., Peters, D. P., Young, D. R., 25 

Shaver, G. R., Pendall, E. and Cleary, M. B.: Shrub encroachment in North American grasslands: shifts in growth form 

dominance rapidly alters control of ecosystem carbon inputs, Glob. Chang. Biol., 14(3), 615–623, 2008. 

Lauenroth, W. K. and Sala, O. E.: Long-term forage production of North American shortgrass steppe, Ecol. Appl., 2(4), 

397–403, 1992. 

Lázaro-Nogal, A., Matesanz, S., Godoy, A., Pérez-Trautman, F., Gianoli, E. and Valladares, F.: Environmental 30 

heterogeneity leads to higher plasticity in dry-edge populations of a semiarid Chilean shrub: insights into climate change 

responses, J. Ecol., 103(2), 338–350, doi:10.1111/1365-2745.12372, 2015. 

McNaughton, S. J., Oesterheld, M., Frank, D. A. and Williams, K. J.: Ecosystem-level pattern of primary productivity and 

herbivory in terrestrial habitats, Nature, 341, 142–144, 1989. 

Novella, N. S. and Thiaw, W. M.: African Rainfall Climatology version 2 for famine early warning systems, J. Appl. 35 

Meteorol. Climatol., 52(3), 588–606, doi:10.1175/JAMC-D-11-0238.1, 2013. 

Noy-Meir, I.: Desert ecosystems: environments and producers, Annu. Rev. Eclogy Syst., 4, 25–51, 1973. 

Olsen, J. L., Miehe, S., Ceccato, P. and Fensholt, R.: Does vegetation parameterization from EO NDVI data capture grazing 

induced variations in species composition and biomass in semi-arid grassland savanna?, Biogeosciences, 12, 4407–4419, 

doi:10.5194/bgd-11-16309-2014, 2015. 40 

Paruelo, J. M., Lauenroth, W. K., Burke, I. C. and Sala, O. E.: Grassland precipitation-use efficiency varies across a resource 

gradient, Ecosystems, 2(1), 64–68, doi:10.1007/s100219900058, 1999. 

Pinzon, J. E. and Tucker, C. J.: A non-stationary 1981-2012 AVHRR NDVI3g time series, Remote Sens., 6, 6929–6960, 

doi:10.3390/rs6086929, 2014. 

Biogeosciences Discuss., doi:10.5194/bg-2016-48, 2016
Manuscript under review for journal Biogeosciences
Published: 15 March 2016
c© Author(s) 2016. CC-BY 3.0 License.



12 
 

Ponce Campos, G. E., Moran, M. S., Huete, A., Zhang, Y., Bresloff, C., Huxman, T. E., Eamus, D., Bosch, D. D., Buda, A. 

R., Gunter, S. A., Scalley, T. H., Kitchen, S. G., McClaran, M. P., McNab, W. H., Montoya, D. S., Morgan, J. A., Peters, D. 

P. C., Sadler, E. J., Seyfried, M. S. and Starks, P. J.: Ecosystem resilience despite large-scale altered hydroclimatic 

conditions., Nature, 494(7437), 349–52, doi:10.1038/nature11836, 2013. 

Poulter, B., Frank, D., Ciais, P., Myneni, R. B., Andela, N., Bi, J., Broquet, G., Canadell, J. G., Chevallier, F., Liu, Y. Y., 5 

Running, S. W., Sitch, S. and van der Werf, G. R.: Contribution of semi-arid ecosystems to interannual variability of the 

global carbon cycle., Nature, 509(7502), 600–603, doi:10.1038/nature13376, 2014. 

Prudhomme, C., Giuntoli, I., Robinson, E. L., Clark, D. B., Arnell, N. W., Dankers, R., Fekete, B. M., Franssen, W., Gerten, 

D., Gosling, S. N., Hagemann, S., Hannah, D. M., Kim, H., Masaki, Y., Satoh, Y., Stacke, T., Wada, Y. and Wisser, D.: 

Hydrological droughts in the 21st century, hotspots and uncertainties from a global multimodel ensemble experiment., Proc. 10 

Natl. Acad. Sci. U. S. A., 111(9), 3262–3267, doi:10.1073/pnas.1222473110, 2014. 

Sala, O. E., Gherardi, L. A., Reichmann, L., Jobbágy, E., Peters, D. and Jobba, E.: Legacies of precipitation fluctuations on 

primary production: theory and data synthesis, Philos. Trans. R. Soc. Lond. B. Biol. Sci., 367, 3135–3144, 

doi:10.1098/rstb.2011.0347, 2012. 

Sankaran, M., Hanan, N. P., Scholes, R. J., Ratnam, J., Augustine, D. J., Cade, B. S., Gignoux, J., Higgins, S. I., Le Roux, 15 

X., Ludwig, F., Ardo, J., Banyikwa, F., Bronn, A., Bucini, G., Caylor, K. K., Coughenour, M. B., Diouf, A., Ekaya, W., 

Feral, C. J., February, E. C., Frost, P. G. H., Hiernaux, P., Hrabar, H., Metzger, K. L., Prins, H. H. T., Ringrose, S., Sea, W., 

Tews, J., Worden, J. and Zambatis, N.: Determinants of woody cover in African savannas., Nature, 438(7069), 846–849, 

doi:10.1038/nature04070, 2005. 

Scholes, R. J. and Archer, S. R.: Tree-grass interactions in savannas, Annu. Rev. Eclogy Syst., 28, 517–544, 1997. 20 

Thomey, M. L., Collins, S. L., Vargas, R., Johnson, J. E., Brown, R. F., Natvig, D. O. and Friggens, M. T.: Effect of 

precipitation variability on net primary production and soil respiration in a Chihuahuan Desert grassland, Glob. Chang. Biol., 

17(4), 1505–1515, doi:10.1111/j.1365-2486.2010.02363.x, 2011. 

Tietjen, B.: Same rainfall amount different vegetation—How environmental conditions and their interactions influence 

savanna dynamics, Ecol. Modell., in press, doi:10.1016/j.ecolmodel.2015.06.013, in press. 25 

Tucker, C. J., Vanpraet, C. L., Sharman, M. J. and van Ittersum, G.: Satellite remote sensing of total herbaceous biomass 

production in the Senegalese Sahel: 1980–1984, Remote Sens. Environ., 17(3), 233–249, doi:10.1016/0034-4257(85)90097-

5, 1985. 

Verón, S. R., Paruelo, J. M., Sala, O. E. and Lauenroth, W. K.: Environmental controls of primary production in agricultural 

systems of the argentine pampas, Ecosystems, 5(7), 625–635, doi:10.1007/s10021-002-0145-1, 2002. 30 

Verón, S. R., Oesterheld, M. and Paruelo, J. M.: Production as a function of resource availability: Slopes and efficiencies are 

different, J. Veg. Sci., 16(3), 351–354, doi:10.1111/j.1654-1103.2005.tb02373.x, 2005. 

Wang, L., D’Odorico, P., Evans, J. P., Eldridge, D. J., McCabe, M. F., Caylor, K. K. and King, E. G.: Dryland ecohydrology 

and climate change: critical issues and technical advances, Hydrol. Earth Syst. Sci., 16(8), 2585–2603, doi:10.5194/hess-16-

2585-2012, 2012. 35 

Weltzin, J. F., Loik, M. E., Schwinning, S., Williams, D. G., Fay, P. A., Haddad, B. M., Harte, J., Huxman, T. E., Knapp, A. 

K., Lin, G., Pockman, W. T., Shaw, M. R., Small, E. E., Smith, M. D., Smith, S. D., Tissue, D. T. and Zak, J. C.: Assessing 

the response of terrestrial ecosystems to potential changes in precipitation, Bioscience, 53(10), 941–952, doi:10.1641/0006-

3568(2003)053[0941:ATROTE]2.0.CO;2, 2003. 

Westoby, M., Walker, B., Noy-Meir, I. and Noy-Meir, N.: Opportunistic management for rangelands not at equilibrium, J. 40 

Range Manag., 42(4), 266–274, doi:10.2307/3899492, 1989. 

Wood, S. N.: Generalized additive models, an introduction with R, 1st ed., edited by S. N. Wood, Chapman & Hall/CRC., 

2006. 

Wright, I. J., Reich, P. B. and Westoby, M.: Least-cost input mixtures of water and nitrogen for photosynthesis., Am. Nat., 

Biogeosciences Discuss., doi:10.5194/bg-2016-48, 2016
Manuscript under review for journal Biogeosciences
Published: 15 March 2016
c© Author(s) 2016. CC-BY 3.0 License.



13 
 

161(1), 98–111, doi:10.1086/344920, 2003. 

Zhongmin, H., Guirui, Y., Jiangwen, F., Huaping, Z., Shaoqiang, W. and Shenggong, L.: Precipitation-use efficiency along a 

4500-km grassland transect, Glob. Ecol. Biogeogr., 19(6), 842–851, doi:10.1111/j.1466-8238.2010.00564.x, 2010. 

  

Biogeosciences Discuss., doi:10.5194/bg-2016-48, 2016
Manuscript under review for journal Biogeosciences
Published: 15 March 2016
c© Author(s) 2016. CC-BY 3.0 License.



14 
 

 

Tables 

Table 1: Model summaries of the fitted generalized additive models. n refers to the number of data points used to fit the models; p 
indicates the significance level of the fitted smoothing terms; EDF is the estimated degrees of freedom of the respective GAM; R2 is 
the variability in β explained by MAP with respect to the fitted GAM; βmax corresponds to mean peak β; MAPβ-max is the mean 5 
annual precipitation average of the peak position of β; CVPβ-max is the mean peak β position with respect to the interannual 
coefficient of variation in rainfall amounts and CVSβ-max is the mean peak β position with respect to the interannual coefficient of 
variation of wet season length.  

Region W clim. n p EDF R2 βmax MAP CVPβ-

max 

CVSβ-

max 

WA 7 Dry 888 <0.001 3.90 0.55 0.50 541.5 0.247 0.317 

Wet 888 <0.001 4.00 0.69 0.50 610.5 0.229 0.291 

11 Dry 888 <0.001 3.91 0.67 0.44 543.5 0.248 0.319 

Wet 888 <0.001 4.00 0.54 0.43 626.5 0.226 0.285 

15 Dry 888 <0.001 3.90 0.71 0.40 526.5 0.25 0.326 

Wet 888 <0.001 3.98 0.56 0.41 618.5 0.227 0.284 

21 Dry 887 <0.001 3.96 0.79 0.43 554.5 0.248 0.322 

Wet 887 <0.001 3.95 0.63 0.44 563.5 0.232 0.292 

SWA 7 Dry 893 <0.001 3.96 0.82 0.81 289.0 0.455 0.371 

Wet 893 <0.001 3.96 0.64 0.60 341.0 0.406 0.319 

11 Dry 893 <0.001 3.98 0.84 0.73 308.0 0.439 0.351 

Wet 893 <0.001 3.98 0.68 0.58 303.0 0.431 0.355 

15 Dry 892 <0.001 3.98 0.83 0.67 316.0 0.433 0.342 

Wet 892 <0.001 3.98 0.72 0.56 320.0 0.417 0.338 

21 Dry 885 <0.001 3.98 0.85 0.59 329.5 0.429 0.328 

Wet 885 <0.001 3.98 0.74 0.53 384.5 0.38 0.299 
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Figures 

 
Figure 1: Overview of the two study regions, (a) South West Africa (SWA) and (b) West Africa (WA). Insets are enlarged maps of 
the respective gradients of mean annual precipitation (MAP) derived from African Rainfall Climatology 2 (ARC2) data. White 
areas on the rainfall maps indicate areas, which were not considered as they were either masked as water bodies or had MAP 5 
values > 900 mm. 

 
Figure 2: Interannual variability in rainfall amount and rainy season length. (a) The coefficient of variation of rainfall amounts 
(CVP), and (b) the interannual coefficient of variation of wet season length (CVS) are plotted as a function of mean annual 
precipitation (MAP) for both study regions. 10 
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Figure 3: Spatial profiles of vegetation response (β) to rainfall as a function of mean annual precipitation (MAP). Fitted lines 
represent generalized additive model (GAM) fits; columns are the time window lengths (years) for the regression (W) and rows 
are the two study regions (SWA = South West Africa, WA = West Africa); colouring indicates the hydroclimatic periods over 
which data have been aggregated. All data have been binned in 1 mm MAP steps. 5 
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Figure 4: Characteristics of peak β values dependent on window size W in South West Africa (SWA) and West Africa (WA). (a) 
peak values βmax , and the corresponding (b) mean annual precipitation (MAPβ-max), (c)  interannual coefficient of variation of 
rainfall amounts (CVPβ-max), and (d) interannual coefficient of variation of wet season length (CVSβ-max). Colours indicate the 
hydroclimatic period. Boxes indicate the upper and lower quartile, and the median is given by the horizontal middle line. 5 
Whiskers indicate ± 1.5 interquartile ranges. Values above and below this threshold are plotted explicitly. Non-overlapping 
notches indicate approximate significant differences. 
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Figure 5: Vegetation response β to rainfall for different land cover classes. Values are separated by hydroclimatic period (dry/wet) 
for South West Africa (SWA) and West Africa (WA). Panel headings refer to temporal window size W (years). Boxes are given by 
upper and lower quartiles and the median is indicated by the horizontal middle line. Whiskers indicate ± 1.5 interquartile ranges. 
Values above and below this threshold are plotted explicitly. Notches indicate the 95 % confidence interval for the median. Non-5 
overlapping notches indicate approximate significant difference in the median.  Values of the regression window length of 7 years 
have been omitted due to too many missing data points in single classes. n equals the number of data points per class and 
hydroclimatic period (n of wet periods = n of dry periods). 
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