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Abstract 
Aim: Spatial patterns in resource supply drive variability in vegetation structure and 
function, yet quantification of this variability for tropical dry forests (TDFs) remains 
rudimentary. Several climate- driven indices have been developed to classify and de ­
lineate TDFs globally, but there has not been a climo- edaphic synthesis of these indi­
ces to assess and delineate the extent of TDFs. A statistical climo- edaphic synthesis 
of these indices is therefore required. 
Location:  Pantropical. 

Time period:  Modern. 

Major taxa studied:  Vascular  plants. 

Methods:  We  assembled  most known prior descriptions  of TDFs  into a single data 

layer and assessed  statistically  how the  TDF  biome, which we call tropical dry land­

scapes  (TDLs) composed  of forest  and  non-fore st  vegetation,  varied  with  respect  to  

the normalized  difference vegetation  index  (NDVI) sensed  by MODIS  (250 m pixel 

resolution). We examined  how the  NDVI varied  with respect to mean  annual  tem ­

perature (MAT) and rainfall   (MAR), precipitation regime, evapotranspiration  and  the  

physical, chemical and biological properties of TDL soils. 

Results: Overall, the NDVI varied widely   across TDLs, and we were able to identify 

five principal NDVI  categories.  A regression tree  model  captured 90% of NDVI varia ­

tion  across TDLs, with  14 climate and soil  metrics  as predictors. The model was then  

pruned  to use only  the  three  strongest  metrics. These included  the Lang aridity index,  

total evapotranspiration  (ET) and MAT,  which  aligned  with identified NDVI thresholds 

and accounted for 70% of the  variation  in NDVI. We  found  that across a global TDL 

distribution, ET was the strongest positive predictor and MAT the strongest negative 

predictor of the NDVI. 

Main conclusions:  The remote sensing- based approach described here provides a   


comprehensive  and  quantitative  biogeographical  characterization of global TDL oc­

currence and the climatic and edaphic drivers of these landscapes. 


K E Y W O R D S  
climate, continental scale, MODIS, prediction, remote sensing, soil, tropical forest biome 
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1 | INTRODUCTION 

The structure and function of tropical forests are strongly con ­
strained by climatic and edaphic conditions, of which interannual 
and seasonal variation in rainfall and temperature and soil nutrient 
supply are viewed as being most important (Baldocchi et al., 2001; 
Ballantyne et al., 2017; Doughty et al., 2015; Green et al., 2019; Law 
et al., 2002;  Litton & Giardina,  2008; Muller-Landau et al., 2021; 
Sullivan et al., 2020; Zhang et al., 2016;  Zhao & Running,  2010). 
Spatial and temporal variation in rainfall is widely viewed as a cen ­
tral determinant of the occurrence of tropical dry forests (TDFs), 
with 3-10 months of annual drought characterizing the TDF biome 
(Chidumayo & Gumbo, 2010; FAO, 2012). The intra-annual amount 
and  distribution of  rainfall strongly  modulate TDF structure and 
function, especially the carbon (C) cycle (Campo & Merino, 2016; 
Mendes et al., 2020; Rojas-Robles et al., 2020), with interannual 
variation in rainfall providing secondary controls (Allen et al., 2017; 
Huang et al., 2021). Additionally, the TDF biome is  associated with  
high intensities of land use that create dynamic mosaics of forest, 
land under agricultural use and land supporting other human prac­
tices (Banda et al., 2016; Blackie et al., 2014). These uses often alter 
TDF composition, structure and function, and for this reason, we 
describe the TDF biome as  comprising both  forest and non-forest 
vegetation that together form tropical dry landscapes (TDLs). Given 
that TDF and savannas can co-occur in a range of environmental 
conditions (Moncrieff et al., 2015; Staver et al., 2011), large savanna 
matrices encompass patches of TDF in some TDLs, resulting in a mix 
of TDF and fire-dependent grass- and shrub-dominated ecosystems. 

The strong sensitivity of TDLs to spatial and temporal variation 
in rainfall is reflected in the dominant indicators of TDFs and TDLs, 
including mean annual rainfall (MAR), mean annual temperature 
(MAT) and the number of sequential dry months in the dry season 
(Supporting Information Table S1). Typically, TDF is characterized by 
a MAT >17°C, an MAR range of 100-2,000 mm and an annual ratio 
of potential evapotranspiration (PET) to MAR that exceeds unity 
(Murphy & Lugo, 1986). The most important driver of TDF structure 
and function is pronounced intra-annual variation in the amount of 
rainfall, with each dry season month receiving <100 mm of rainfall 
(Pennington et al., 2009). 

Spatial variation in plant primary production and associated C 
process rates are driven by climate and soil properties (Schlesinger 
& Bernhardt, 2020), and broad-scale relationships between climate 
and forest productivity reveal strong effects of moisture and tem ­
perature (Litton & Giardina,  2008; Luyssaert et al., 2007). In TDFs, 
the amount of dry season rainfall relative to atmospheric demand 
(i.e., the evapotranspiration that would be achieved from a well- 
aerated soil/plant surface at field water-holding capacity; Schwartz 
et al., 2020) appears to be a strong predictor of ecosystem produc­
tivity (Stan et al., 2021). Remote sensing is a central tool for monitor­
ing C stocks and fluxes at regional to global scales (Cao et al., 2018; 
Ssemmanda et al., 2014), with the satellite-derived normalized dif­
ference vegetation index (NDVI) providing data at high temporal 
resolution for understanding the dynamics of vegetation greenness 

at the planetary scale.   Particularly relevant   for   TDL   analyses   are  
the NDVI  responses  to MAT,  MAR  and  both inter-  and intra- annual  
climate  variation  (Linscheid  et  al.,  2020; Pan et al.,  2018; Walther 
et al.,  2002; Yu et al.,  2003; Zeng et al.,  2013; Zhou et al.,  2014). 
Globally,  NDVI- based analyses  reveal that  warmer temperatures  in 
combination with lower amounts of rainfall reduce greenness, hence 
productivity,  with  these  relationships  being  strongest  in  low-la titude  
forests (Allen  et al.,  2010; Becknell  et al.,  2012).  Finer- scale  patterns  
within  TDLs are less  well understood, limiting  efforts  to model TDF  
responses to climate change accurately. 

Here, we build on previous work (Corona-Núñez et al., 2018; 
Mallegowda et al., 2015) to examine how variation in climate and 
soils relates to NDVI across a global range of TDL sites. Specifically, 
we: (1) constructed a comprehensive database of published TDF 
ecoregions; (2) conducted spatial and temporal analyses of the rela ­
tionships between NDVI and diverse climatic and edaphic variables 
for these ecoregions; and from this (3) established a generalized 
climo- edaphic statistical model to characterize global TDLs. To 
achieve these goals, we analysed 80 globally distributed and bio­
geographically defined TDF ecoregions. The specific objectives of 
this research were to: (1) evaluate how the variables most used to  
describe TDF are related to  NDVI for previously  identified TDLs in  
Afrotropical, Australasian, Indo-Malayan, Neotropical and Oceanian 
biogeographical regions; (2) use climatic and edaphic variables to as­
sign TDLs  to NDVI-based  ecological groups; and (3) quantify how  
variation of these NDVI-based ecological groups relates to interan ­
nual climate variation. 

2 | METHODS  

2.1  |  Categorization and selection of 
biogeographical regions and ecoregions 

To characterize  global variation in  TDLs robustly, we  identified five 
broad  biogeographical  regions  where  this  ecosystem  is  distributed:  
Afrotropical,  Australasian,  Indo- Malayan, Neotropical and Oceanian.  
Each of  these  biogeographical  regions  is characterized by  a  physical  
environment (e.g.,  climate) and geological  history  that defines the   
ecosystem  processes  and  prominent  species  distributions.  Across  
these five regions, we identified 80 ecoregions based on three cri­
teria that  correspond to  polygons generated by the  World  Wide 
Fund for Nature: (1) whether the site  was  identified as  TDF  by  Olson  
et al. 20( 01) and revised by Dinerstein et  al.  (2017); (2) whether a site  
was described as  TDF  by authors who have focused  their  efforts  and  
research  on the description of this ecosystem within  each of the five 
biogeographical regions (Supporting Information Table S1);  and  (3)  
whether sites were  described  as TDF in  the  FAO  (2012)  assessment  
of TDF (Figure  1) (Supporting Information Table S2). Unavoidably, 
we included disturbance- driven vegetation   types, such   as sa ­
vanna, and geomorphologically   determined vegetation   types, such   
as  riparian forests,  which  transition into  adjacent TDFs that shape  
TDL dynamics  (Dexter  et al.,  2018). To refine  our  understanding of 
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Sample points 
Ecoregion area 

F IGURE  1 The distribution of tropical dry forest ecoregions (in grey) examined in this global synthesis. Red circles indicate the 
distribution of the 100 sample points within each ecoregion. 

environmental controls  on TDFs, we compiled diverse climatic  and 
edaphic  information  with  which  to  quantify  variation  in  NDVI  across  
the  five  major  biogeographical  regions  and  the  80  ecoregions.  We 
excluded  the  following  TDF  types. Australia was excluded  from the  
Australasian region because, for the scale of this analysis, it did not 
contain representative coverage of TDF. We  also excluded  a  small 
island  TDF  from  the  Oceanic  biogeographical  region,  Yap  Tropical 
Dry Forests,  because  this ecoregion was missing data  needed to  as­
sess NDVI. 

2.2  |  Selection of sample points 

We created a 1 km2 grid   for   each of   the   five biogeographical re ­
gions and identified the centroid of each cell of the grid, which  

we used  as a sample  point. We  selected 100 sample  points in  a  
random block design  from the full  population of  centroids  for  
a given ecoregion and repeated this for each of the 80 studied 
ecoregions.  We then  used the HILDA+ Global Land Use Change 
layer (HILDAplus_vGLOB-1.0; Winkler et  al.,  2021) to evalu ­
ate the types of land use for the resulting grid of 8,000 points. 
The HILDA+ layer contains  land cover information from  1960 to  
2019, which allowed us to mask points defined as urban, cropland, 
ocean, water or as missing data. We used the remaining unmasked 
points, defined as forest, shrubland, pasture, rangeland or unman ­
aged grassland, in our analyses. These latter categories contain­
ing perennial TDL vegetation made up the 5,831 sample points 
used in our analyses. We used a randomized block design to assess 
relationships between NDVI and climatic and edaphic variations 
found across TDLs (Figure 1). All spatial analyses were conducted 



       

     
 

    
      

        
   

  
   

  
        

      
  

  
   

   
       

    
       

   
     

       
  

    

    

         
    

    
   

   

  
     

    

 

  

   
        

      
    

     
      

     
        

   
        

     
     

   

  

         
   

         
     

       
      

       
     

    

   

| 1853DE LA PEÑA-DOMENE ET AL. 

in  ARCGIS v.10.2.1. We assumed some level of homogeneity within  
a given ecoregion with  respect  to soils, climate,  flora, fauna and  
other factors to examine ecological patterns across each of the 80 
ecoregions (Dinerstein et al., 2017; Olson et al., 2001). 

2.3  |  Normalized difference vegetation index 

We used 12 years (2005-2016) of NDVI data (250 m pixel resolution) 
collected with Moderate Resolution Imaging Spectroradiometer 
(MODIS) instruments aboard US National Aeronautics and Space 
Administration (NASA) Terra and Aqua satellites. The MODIS prod ­
uct was used because of its longevity, resolution and frequent ob­
servations. Data analyses relied on 12-year mean NDVI conditions 
for each of the 80 ecoregions sampled here. Although data are 
collected sub-weekly, we used averaged monthly data to calculate 
mean annual NDVI for the 12-year period. NDVI  is dimensionless  
and ranges from -.1 to .9, with higher values being associated with 
denser vegetation and lower values associated with sparser vegeta ­
tion. The lowest values represent bare ground. 

2.4  |  Climatic and edaphic metrics 

For   each sample   point, we   obtained rainfall, temperature and 
evapotranspiration  data  from  repositories  including:  NASA  Earth  
Observations  (https://neo.gsfc.nasa.gov/);  Climatic  Hazards  
Center,   UC Santa Barbara (www.chc.ucsb.edu/about);  Numerical  
Terradynamic  Simulation Group (NTSG), University  of Montana 
(www.ntsg.umt.edu/);  Oak  Ridge National Laboratory  Distributed  
Active Archive Center (ORNL DAAC) for Biogeochemical  Dynamics 
(www.daac.ornl.gov/); and SOILGRID (www.soilg rids.org/). We ex­
amined a total of 17 climate variables: four temperature metrics, 10 
precipitation metrics, an evapotranspiration metric and two aridity 
metrics that integrate annual precipitation and temperature meas­
ures (Table 1). All climate variables were summarized into mean an ­
nual averages representing between 1 and 12 years of available data 
(Supporting Information Table S3). We  also considered  17 edaphic  
metrics involving physical, chemical and biological properties of soils 
(Table 1). These were all represented by a single point in time meas­
urement and therefore have no temporal averaging component. 
Each of  the  34 metrics was processed and normalized  to standard  
units. Detailed information on the time frame, scale, units and refer­
ence sources for each  of the 34  variables  used are specified in the  
Supporting Information (Table S3). 

2.5  |  Data analyses 

We explored mean annual NDVI variation against mean annual pre ­
cipitation, number of dry months and mean annual temperature. We 
used multiple regression models to relate these metrics to NDVI. Our 
assessment was comprehensive with respect to global distribution 

of the TDF biome, but we did not evaluate the effects of forest suc­
cessional age or ecological condition. 

To identify and delineate different NDVI-based ecological groups 
within different biogeographical regions, we assumed that the mean 
NDVI value (mNDVI) for each  observation,  i, is represented by the 
following model: 

( )
2mNDVIi = Normal 𝜇i ,σ , 

( )
μi ≈ f xi , 

where mean  μi   is well  approximated by a regression tree (Breiman 
et al.,  1984) function,  f, of covariates  , a 2

xi nd the error variance is  σ  . 
We used Pearson coefficients to identify significant climate and  

edaphic predictors of NDVI  at  both  pantropical  and  biogeographical  
region scales. Bonferroni corrections were used whenever multiple 
pairwise comparisons were made. The rpart package (Therneau &  
Atkinson, 2019) in R v.3.6 computer programming language (R Core 
Team, 2019) was used to compute a regression tree with a maxi­
mum depth of 30. We performed 10-fold cross-validation to select 
the value of the complexity parameter that minimizes the cross-
validation error. The complexity parameter penalizes the regression 
tree for adding further splits. See documentation of rpart for more 
details (Therneau & Atkinson, 2019). We repeated the 10-fold cross-
validation 99 more times to compute a total of 100 values for the 
optimal complexity parameter. We then used the average of the 100 
values as the optimal complexity parameter to prune the regres­
sion  tree.  This led to  a  tree with  137  splits and an  r2  of .90.  We also  
pruned the regression  tree so  that the  r2 was reduced to .80, which 
led to  a regression tree  with 13  splits.  Although this  second tree is  
expected to  have more  biased predictions than  the  tree selected by  
cross- validation, it  has  the  practical  value  of 13  splits being generally  
easier to  interpret and discuss compared  with 137 splits. Pruning  the  
regression tree to an  r2 of  .70  resulted in  five splits, which we  present  
and  discuss below.  Finally, using the NDVI  differentiated ecological  
groups  from  the  regression  tree,  multiple  regressions  were  used to   
explore  variation  against  principal components in analyses designed  
to capture edaphically or climatically driven variation in NDVI. 

3 | RESULTS

3.1 | Tropical dry landscapes and NDVI 
distributions across ecoregions 

The five biogeographical regions examined here contain 80 TDL ecore­
gions distributed across four continents (Figure 2). The Afrotropical  
biogeographical region represented 68% of global TDLs and contained 
25 ecoregions, one of  which accounted for 15% of  all  TDL  (Sahelian 
Acacia Savanna). The Neotropical biogeographical region represented 
24% of total TDL and contained 35 ecoregions. The Indo-Malayan, 
Australasian and Oceanian biogeographical regions combined to rep­
resent 8.4% of all TDL, with 20 ecoregions. We found considerable 

http://www.soilg rids.org/
http://www.daac.ornl.gov/
http://www.ntsg.umt.edu/
http://www.chc.ucsb.edu/about
https://neo.gsfc.nasa.gov/
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TA B L E  1  Normalized difference vegetation index (NDVI), climate and soil characteristics for the 80 tropical dry forest ecoregions studied 

Characteristic Metrics Mean CV (%) 
Quartile 
(0.25) Median 

Quartile 
(0.75) 

Vegetation 

1 Normalized difference vegetation index 0.58 28.8 0.46 0.61 0.70 

Climate 

2 Mean annual temperature (°C) 28.6 13.2 25.9 28.2 39.3 

3 Maximum temperature of the hottest month (°C) 34.4 16.9 29.7 34.3 39.3 

4 Minimum temperature of the coldest month (°C) 24.1 12.4 22.5 24.1 25.6 

5 Amplitude or range in temperature (°C) 10.3 48.2 6.3 9.9 14.5 

6 Mean annual precipitation (mm) 1,118.1 55.2 662.1 1,060.6 1,504.6 

7 Maximum precipitation in the wettest month (mm) 229.9 53.0 146.2 216.2 290.7 

8 Minimum precipitation in the driest month (mm) 11.5 154.8 0.79 4.2 14.0 

9 Amplitude or range in precipitation (mm) 218.4 54.9 135.8 203.2 276.2 

10 Number of rainy months (>100 mm of precipitation per month) 4.5 59.2 3 5 6 

11 Total precipitation in the rainy season (mm) 891.1 72.9 348.8 872.7 1,313.6 

12 Concentration of precipitation in the rainy season (%) 67.5 45.1 54.8 81.6 89.2 

13 Number of dry months (<100 mm of precipitation per month) 7.5 35.4 6 7 9 

14 Number of months under hydric stress 4.5 66.5 2 5 7 

15 Precipitation in the driest quarter of the year (mm) 51.8 146.9 5.8 23.0 70.7 

16 Lang aridity index 41.0 61.7 22.2 37.6 55.3 

17 Martonne aridity index 29.9 59.8 16.7 27.7 40.4 

18 Mean annual evapotranspiration (mm) 883.4 45.7 553.5 888.2 1,214.2 

Soil 

19 Depth (m) 2.1 62.3 1.3 1.9 3.6 

20 Bulk densitya (g/m2) 1.4 9.6 1.4 1.5 1.5 

21 Coarse fragmentsa (%) 13.2 75.4 6.0 11.0 18.0 

22 Clay contenta (%) 33.9 29.8 30.0 36.0 41.0 

23 Field capacitya (mm) 408.2 10.2 390.5 412.9 429.9 

24 Water-holding capacityd (mm) 354.0 52.6 234.0 330.0 418.0 

25 Wilting pointa (mm) 171.5 23.9 153.0 176.2 197.9 

26 Potential storage of water from soil textured (mm) 359.9 62.3 224.0 328.0 612.0 

27 Potential storage of water in soil profiled (mm) 1,037.9 62.1 680.0 864.0 1,529.0 

28 pHa (H2O) 6.3 12.8 5.7 6.2 6.9 

29 Cation exchange capacitya,e (cmolc/kg) 17.6 40.8 12.3 17.5 21.7 

30 Organic carbonb (Mg/ha) 59.2 115.1 26.1 37.8 57.9 

31 Organic carbona,e (Mg/ha) 75.6 92.8 35.5 56.8 81.5 

32 Total nitrogena (g/m2) 9 19.2 67.3 345.6 919.0 1,364.7 

33 Total phosphorusc,f (g/m2) 430.9 71.1 272.4 321.9 503.8 


34 Organic phosphorusc,f (g/m2)  99.2  103.1 41.9 67.6 130.9 


35 
 Labile inorganic phosphorusc,f (g/m2) 40.1 87.9 19.7 34.7 42.5 

Note: For each metric, standardized units are presented, in addition to the 25 and 75% quartiles for each metric.
J


aSoil depth 0- 1.0 m.
J


bSoil depth 0- 0.3 m.


J
cSoil depth 0- 0.5 m.
J


dSoil depth not indicated.


J
eThis information was calculated using data of 0–0.0 5, 0.05– 0.15, 0.15– 0.30, 0.30– 0.60 and 0.60– 1.0 m soil layers in the case of cation exchange  
capacity and data of 0- 0.30 and 0.30- 1.0 m soil layers in the case of organic carbon.


J
fThis information needs to be interpreted with caution, because  the values included are very large considering the values of nitrogen.


J
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F IGURE  2 (a) Distribution of the normalized difference vegetation index (NDVI) across the biogeographical regions, with (b) high- 
resolution insets for: (b.1) Hawaiin islands, (b.2) Mexican and Central American and Antilles islands, (b.3) South America, (b.4) Indian and  
Thailand region, (b.5) Melanesian islands and (b.6) Indonesian islands. (c) Mean and standard error of NDVI for each biogeographical  region.  
Circles indicate the means, the spreads denote 95% confidence intervals, and different letters indicate significant differences (p  < .05) 
among  biogeographical  regions. 

variation in average NDVI values across biogeographical regions, with 
mean values  increasing as  follows: Afrotropical  < Indo- Malayan < 

Neotropical < Australasia < Oceania (Figure 2). 

3.2  |  Variation of climatic and edaphic metrics 

The classic TDF metrics of MAT, MAR and mean annual number 
of dr y months  were important predictors  of mean  annual NDVI  

across the 5,831 TDL sample points and showed high variation 
across biogeographical regions (Table 1). MAT varied from 25.9 to 
39.3°C, MAR varied from 662 to 1,505 mm, and the number of dr y 
months varied between six and nine. Likewise, our two drought 
intensity metrics were highly variable, with mean minimum pre ­
cipitation in  the  driest month ranging from  <1 to 14 mm, and 
total precipitation in  the  driest quarter ranging from  6  to 71  mm  
(Table  1).  We  found  that  mean  annual  evapotranspiration  (ETm)
varied from 554 to 1214 mm/year, and the coefficient of variation  
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(CV)  for  the  Lang  and  Martonne  aridity  indices  was  nearly  60%  
(Table  1). Global- scale variation in  physical soil  properties was low  
for   bulk density (CV   =   9.6%) but  high for potential water storage  
(CV =   62.3%). For  soil chemical  properties,  pH varied  from 5.7 to  
6.9.  For  soil  biological  properties,  organic  carbon  storage  ranged  
from 26.1  to 57.9  Mg/ha  (0- 1.0 m in  depth) while total phosphorus  
concentrations  ranged from  272 to 504 g/m2 (0- 0.5  m  in  depth)  
(Table  1). 

3.3  |  Relationships of NDVI to climate and  
edaphic metrics 

Pearson correlation analysis indicated that mean annual NDVI was 
strongly correlated with all 11 climatic metrics (p < .001), and these 
relationships were stronger than those with soil metrics (Supporting 
Information Table S4). The NDVI relationships with MAT, Lang arid ­
ity index, ET and the number of months under hydric stress were  
particularly strong, indicating a robust basis for using these four 
climate metrics as primary TDL indicators (Figure 3). The strength  
of the NDVI relationship with the 13 soil metrics was more vari­
able, ranging from r = -0.60 in the case of pH (p < .001) to a non-
significant relationship with total phosphorus content (r = -0.02, 
p > .05). We also observed differences in NDVI among biogeographi­
cal regions (Figure 2b) with the strength and number of significant 
metrics (Supporting Information Table S4). 

We observed strong negative correlations between mean annual 
NDVI and the mean annual number of months under hydric stress 
(r = -0.73), mean temperatures in the warmest month (r = -0.70) 
and the mean number of the dry months (r = -0.64). Conversely, 
we observed strong positive correlations between NDVI and MAR 
(r = 0.71), mean rainfall in the wettest month (r = 0.51), mean total 
rainfall during the rainy season (r = 0.60), mean total rainfall in 
the driest quarter (r = 0.42) and mean rainfall in the driest month 
(r = 0.40) (Supporting Information Figure S1). The number  of dry  
months also had a negative relationship with NDVI, with the highest 
NDVI values being associated with 2-4 months of drought, whereas 
the lowest NDVI values were associated with the highest number of 
dry months (Supporting Information Figure S1). The highest NDVI 
values were correlated with the highest ET  values, whereas the m

lowest NDVI values were associated with the lowest MAP values 
(Supporting Information Figure S1). Of the edaphic metrics, pH was 
the best predictor of NDVI (r = -0.60), whereas water-holding ca ­
pacity and field capacity were the best physical predictors of NDVI 
(r = 0.38 and 0.31, respectively; Supporting Information Figure S2). 
Soil organic carbon was the best but a somewhat weak biological 
predictor of NDVI (r = 0.25; Supporting Information Figure S3). 

3.4  |  Tropical dry landscape classification model 

Our regression tree statistical modelling identified 14 climate and 
soil metrics as the most important predictors of NDVI variation 

across TDL (capturing 90% of variation; Figure 4a). This regression 
tree was pruned to reduce the number of splits, with only three vari­
ables needed to capture 70% of the variation in NDVI. This most par­
simonious regression tree model included three climatic metrics (ET, 
Lang aridity index and MAT), which we used to partition our global 
TDL dataset into five NDVI-based ecological groupings Fi( gure 4b). 
The TDL with the highest NDVI value (group 5; Figure 4b) included 
sites with an ETm of >989 mm. The number of months under hydric 
stress and the maximum temperature of the hottest month also had 
high importance values within the statistical model (Figure 4a). The 
lowest NDVI groups were located mainly in the Afrotropical biogeo ­
graphical region, and the highest were in the Neotropical and Indo- 
Malayan  biogeographical  regions  (Figure  4c). These analyses  provide  
a quantitative global characterization that refines our understand­
ing of the variability of this biome across spatial scales (Supporting 
Information Table S1). 

4 | DISCUSSION

4.1  |  What are tropical dry landscapes? 

Mooney et al. (1995)  identified TDFs  as those forests occurring in  
tropical regions characterized by pronounced seasonality in the dis­
tribution of precipitation. Others have elaborated on the conditions 
required to sustain TDFs, including the role of MAP, MAT and the 
number of dry months (Supporting Information Table S1). To assess 
these classical relationships, we systematically characterized the 
climatically and edaphically driven spatial variation in TDL NDVI. 
Specifically, by inventorying a global distribution of 5,831 TDL sites 
and analysing how NDVI for these sites was correlated with 34 cli­
matic and edaphic variables in regression tree analyses, we have de ­
veloped a comprehensive statistical model for describing variation 
in global TDLs. This model includes three climatic metrics: ET, Lang 
aridity index and MAT. This model represents a parsimonious and 
robust improvement over classic single-index-based approaches to 
explaining ecoregional- scale variation in NDVI across TDLs. 

We found that ET, Lang aridity index and MAT were sufficient to 
delineate global TDLs into five major NDVI categories, providing a 
novel climatic categorization of this forest into distinct biogeograph ­
ical TDL types defined by NDVI, which is a remotely sensed attri­
bute strongly linked to forest structure and function. The underlying 
climate relationships with NDVI indicate strong spatial variability in 
TDL structure and productivity across biogeographical regions and 
ecoregions. To this end, our five-tier categorization of TDL provides 
a structurally and functionally quantitative way to describe its global 
variation. Taken together, these findings highlight the value of a re­
mote sensing-based statistical modelling approach to quantifying 
the extent and variation of the TDF biome. The climatic and edaphic 
variables used in the full model explained 90% of NDVI variation 
across TDLs. Moreover, although the pruned fitted regression tree 
model identified MAT, ETm and Lang aridity index as important pre ­
dictors of NDVI, explaining 70% of NDVI variation, neither  ETm nor
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Lang aridity index has been used previously to characterize TDF 
biogeography. 	

4.2 | NDVI of tropical dry landscapes 	

Our statistical model relied on 34 climatic and edaphic character-
istics to describe NDVI of the TDLs inventoried here. We used 
NDVI as an index of ecosystem productivity to delineate five 
types of TDLs. NDVI is easily accessible through GIS and pro-
vides the longest temporal record of global vegetation conditions, 

which allows for analyses of interannual variation, baseline cli­
mate change or the impact of specific events (Schloss et al., 1999). 
Generally, mean NDVI varies widely among TDL biogeographical 
regions, with more sensitivity to spatial variation in climate (posi ­
tive relationship with ETm and MAP; negative relationship with 
MAT) than with soils. These analyses suggest that TDL productiv-
ity is significantly constrained by the energy demand as defined 
by ET and by water supply as defined by MAR; the Budyko effect 
(Zhou et al., 2015). The effects of ETm and precipitation on NDVI 
observed in our study align with findings that global C fluxes in 
water-limit ed regions are controlled primarily by precipitation and 
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ET (Poulter et al., 2014; Zhang et al., 2016). Our er sults hs ow the 
strong  coupling of  NDVI to  spatial  variations in  water  availability 
in TDLs, including water-holding capacity of soils, at both global 
and regional csales, which aligns with ht e af st temporal er sponse 
of vegetation to changes in water deficit in intensely water-limited 
environments (Becknell et al., 2012; Giraldo & Holbrook, 2011; 
Portillo-Quintero et al., 2015; Rojas-Robles et al., 2020; Vicente- 
Serrano et al., 2013), including seasonal moisture controls on 

ecosystem biogeochemistr y (Castro et al., 2018; Liu et al., 2018; 
Mendes et al., 2020). Our ifndings are consistent with ht e broadly 
appreciated control that air temperature and precipitation via 
soil moisture have on plant growth and TDF dynamics (Green 
et al., 2019; Humphrey et al., 2018; Liu et al., 2018; Nemani, 2003; 
Seddon et al., 2016; Stan et al., 2021). 

Conversely, because temperature is rarely limiting to canopy pro-
cesses in the tropics (Huang et al., 2019), negative correlations with 



F IGURE  5 Relationships between 
normalized difference vegetation index 
(NDVI) and (a) Lang aridity index [ratio of 
mean annual precipitation (MAP) to mean 
annual temperature (MAT)], (b) mean 
annual evapotranspiration and (c) mean 
annual temperature. Different colours 
represent the five NDVI-based regression 
tree- delineated tropical dry landscape 
groups (see Figure 4). 
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MAT are expected. Given that NDVI saturates over regions of dense 
vegetation (Jones & Vaughan, 2010), results in the tropics need to be 
interpreted with caution (Linscheid et al., 2020). Across tropical dry, 
moist and wet forests, NDVI shows correlations with climate that 
vary within and across continents (Linscheid et al., 2020). Such spa­
tial variation can be explained by the spatial variation in the strength 
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of intra- annual seasonality of tropical environments, for example al­
terations in precipitation and temperature regimes associated with 
the Madden- Julian Oscillation (Zhang, 2005, 2013), which could 
drive temporal NDVI oscillations in the tropics (Hidayat, 2016; Mayta 
et al., 2019; Wang et al., 2019). Considering the long- term decrease in 
the amount of precipitation that is expected in seasonally dry tropical 
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regions (Chadwick et al., 2015; Greve et al., 2014; Huang et al., 2016), 
further investigation is needed on additional climatic factors (e.g., ra­
diation) that might also exert a strong influence on C cycling in tropical 
forests (Lyu et al., 2021; Nemani, 2003; Seddon et al., 2016). 

Our study explores how productivity is regulated in TDLs, with 
spatial variation being modestly dependent on soil properties. Soil 
pH consistently had a strong negative relationship with NDVI across 
ecoregions, probably reflecting the influence of soil fertility on pro ­
ductivity (Castro et al., 2018; Corona-Núñez et al., 2018; Hofhansl 
et al., 2020). Although there is  evidence that  productivity in  TDFs  
can be phosphorus limited (Gei & Powers, 2014), our analyses  of  
total soil phosphorus concentrations, a proxy for plant available 
phosphorus, show statistically non-significant relationships with 
mean annual NDVI across our 80 ecoregions. We cannot determine 
whether this pattern was driven by the negative relationship be ­
tween NDVI and total soil phosphorus across Afrotropical and Indo-
Malayan ecoregions or whether a positive real effect of this nutrient 
on NDVI was obscured by the stronger influence of ETm  and MAP 
on NDVI, with  higher MAP,  for  example, driving lower phosphorus  
through enhanced weathering of soils. 

4.3  |  NDVI, biogeographical patterns and  
climate change 

We found strong biogeographical patterns with respect to the 
NDVI groups  at the pantropical scale.  The  lowest NDVI  group  
(group 1) was located mainly in the Afrotropical biogeographical 
region, whereas the highest NDVI group (group 5) was located 
mainly in the Neotropical and Indo-Malayan biogeographical re ­
gions. Despite this geographical segregation, all five groups oc­
curred in all three biogeographical regions. This overlap between 
NDVI groups within continents could reflect comparable vari ­
ability in climatic and edaphic factors within biogeographical re ­
gions. Conversely, the overlap could relate  to the lack  of floristic 
differences between Africa and Asia, with floristic differences for 
the TDLs of the Neotropics (Dexter et al., 2015). Future research 
could focus whether TDL flora share a common biogeographical 
origin (Slik et al., 2018), whereby selection for drought and fire 
resistance has favoured the dominance of similar plant lineages 
globally (Banda et al., 2016; Ratnam et al., 2016). 

Our pruned climo- edaphic regression tree model relied on 
MAT, ETm  and Lang  aridity  index, which we  used to  identify five  
global NDVI categories of TDLs and to highlight the structural 
and functional diversity of TDLs (Figure 4b). We also suggest that 
these delineations might represent thresholds that can be used 
to identify which categories of TDLs might be the most suscepti ­
ble to climate change. For example, TDLs in the group 5 categor y 
show the highest NDVI  values and support the highest ETm  and
the lowest Lang Aridity Index values (Figure 5a,b) and might there ­
fore represent areas that are less sensitive to warming and dr ying. 
Some group 5 categor y areas support TDF ecosystems that have 
resilience to both the high interannual droughts and the frequent 

within-rainy season droughts (Maass et al., 2018) and to high tem ­
peratures (González et al., 2018). In contrast, group 1 areas with 
the lowest NDVI values and highest MAT (Figure 5c) might occur at 
the climatic margins of the TDF biome. For example, ETm  differen­
tiated the group with the highest NDVI values (group 5), whereas 
the Lang aridity index differentiated the two groups with the low-
est NDVI values (groups 1 and 2). For group 1 areas found mainly 
in ecoregions of Africa and Neotropics of Brazil, MAR is ver y low 
and Lang aridity index ver y high, which affect plant growth nega ­
tively (D'Onofrio et al., 2018). When tree species diversity is high, 
TDF areas exhibit drought tolerance except in the most extreme 
circumstances (Stan & Sánchez-Azofeifa, 2019). When paired with 
climate change projections for an ecoregion or a biogeographi ­
cal region, these delineations can be used to assess the potential 
for rapid change, including proximity to ecological tipping points 
(Scheffer et al., 20 09). The existence of climate- driven thresholds 
has been suggested for diverse terrestrial ecosystems, including 
tropical rain forests (Lenton et al., 2008), but the nature of tipping 
points for TDFs is poorly understood (Lenton et al., 2008; Seddon 
et al., 2016; but see also Campo, 2016). 

5 | CONCLUSIONS

We report  here an  improved approach to  characterizing the TDF  
biome and address a long-standing question regarding climatic and 
edaphic controls on TDF distribution and function. This work ad­
vances a remote  sensing-based analysis to characterize previously 
under-appreciated controls on the functioning of the TDF biome, with 
the 34 climatic and edaphic variables considered here explaining 90% 
of NDVI variation across TDLs. Furthermore, we report that the Lang 
aridity index, MAT and ETm  explain 70% of  the  variation  in NDVI  for  
this remarkably diverse biome. Our analysis points to a need to ex-
plore how the quantitative insights into NDVI variability can be used to 
anticipate susceptibility of the TDF biome to climate change. Our de­
lineation of TDLs into five NDVI-based categories might prove useful 
in forecasting the ecosystem changes in  response to  climate  change, 
especially declines in precipitation or increases in temperature. 
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