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Supplementary Information: Rationale for Selecting Explanatory Variables 1 

1. Climatic Variables (Temperature, Precipitation, Radiation) 2 

Climatic factors were included because temperature and precipitation are widely recognized as the 3 

dominant controls of vegetation stability. Huang and Xia (2019) demonstrated that these factors exert 4 

stronger effects on resistance and resilience than biodiversity-related attributes. Moreover, antecedent and 5 

post-event climatic conditions influence both pre-conditioning processes and recovery dynamics. 6 

Therefore, temperature, precipitation, and radiation were incorporated for the event year, the preceding 7 

year, and the recovery year. 8 

2. Elevation 9 

Elevation was selected because vegetation in high-altitude regions has been shown to be more sensitive to 10 

climatic variability. Li et al. (2018) reported that resistance can vary substantially with elevation in 11 

regions such as Tibet, northeastern China, and montane ecosystems. Although empirical evidence linking 12 

elevation to resilience is limited, elevation was included to capture potential topographic modulation of 13 

stability. 14 

3. Biodiversity-Related Factors (ASR, ASI, ASL) 15 

Biodiversity-related proxy variables were included because numerous field studies have revealed strong 16 

relationships between species diversity and ecosystem stability. Changes in community composition—17 

especially anthropogenic species loss and gain—can alter the capacity of vegetation to withstand and 18 

recover from climatic extremes. Hautier et al. (2015) showed that anthropogenic biodiversity changes 19 

significantly modify vegetation responses to environmental stress. Therefore, anthropogenic species 20 

richness (ASR), species increase (ASI), and species loss (ASL) were included. 21 

4. Soil Properties (Bulk Density, Carbon, Nitrogen, Moisture) 22 

Soil properties were considered because soil water-holding capacity influences vegetation responses to 23 

extreme climatic conditions. Although Berdugo et al. (2022) noted that the role of soil characteristics in 24 

ecosystem stability remains insufficiently understood, several mechanistic relationships justify their 25 

inclusion in studies. Water retention varies by soil type and is inversely related to the bulk density 26 

(FAO/ISRIC/ISSS, 1998). Blanco-Canqui et al. (2006) demonstrated that soil carbon content is positively 27 
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associated with water retention and negatively correlated with the maximum bulk density. Nitrogen 28 

content is a key determinant of vegetation function. Based on these relationships, multiple soil attributes 29 

were included in the study. 30 

5. Land-Use History (Cropland and Pastureland Duration) 31 

Land-use history was incorporated because ecological legacies influence vegetation responses to extreme 32 

events such as droughts. Holmgren et al. (2006) proposed that disturbances associated with ENSO-driven 33 

droughts and heavy rainfall can cause long-term shifts in species composition. Yanagawa et al. (2016) 34 

showed that lands with a longer cultivation history exhibit higher resilience following droughts, likely due 35 

to repeated exposure to past extremes. Therefore, the duration of cropland and pastureland use was also 36 

included in the study. 37 

6. Irrigation Extent 38 

Irrigation was included because anthropogenic water inputs directly modify the moisture environment and 39 

buffer vegetation against water stress. Differences in irrigation extent can influence spatial variation in 40 

resistance and resilience. Thus, the irrigation adoption rate (Siebert et al., 2013) was selected as a key 41 

management-related variable. 42 

 43 

 44 

  45 
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 46 

Figure S1.  A conceptual diagram of resistance and resilience, illustrating the possible values of NDVIₑ and 47 

NDVIₑ+1 when NDVIₘ is varied from 0.1 to 1.0 in increments of 0.1.Illustrates the resistance and resilience 48 

when NDVIm = 0.5. 49 

 50 

Numerical Comparison of Resistance Metrics 51 
 52 
Assumptions 53 

The normal-year vegetation index is defined as: 54 

𝑉𝑉𝐼𝐼𝑚𝑚 = 0.60 55 

The event-year vegetation index is denoted as: 56 

𝑉𝑉𝐼𝐼𝑒𝑒 57 

The event-year deviation from the normal condition is defined as: 58 

𝐷𝐷0 = 𝐶𝐶0 − 𝑉𝑉𝐼𝐼𝑒𝑒 59 

where: 60 

𝐶𝐶0 = 𝑉𝑉𝐼𝐼𝑚𝑚 61 

 62 

VIm represents the mean NDVI under normal climatic conditions and is used as the reference vegetation state. 63 
VIe is the vegetation index during the extreme event year, whereas VIe+1 is the vegetation index in the year 64 
following the event. In the Orwin and Wardle-type formulation, C0 denotes the control or reference value at the 65 
time of the event, which corresponds to VIm in this study. D0 is the difference between the reference condition 66 
and the event-year vegetation index, defined as D0 = C0 − VIe. Dx is the difference between the reference 67 
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condition and the post-event vegetation index, defined as Dx = Cx−VIe+1. In our application, both C0 and Cx are 68 
represented by the normal-year mean vegetation index, VIm. 69 

Resistance metrics compared 70 

Our metric 71 

𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =
1

1 + (𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒)
 72 

This metric quantifies the proximity of event-year vegetation activity to the normal-year condition. A value of 73 
1 indicates vegetation activity comparable to the normal-year level, values below 1 indicate below-normal 74 
vegetation activity, and values above 1 indicate above-normal vegetation activity. 75 

Isbell-type metric 76 

𝑅𝑅𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =
𝑉𝑉𝐼𝐼𝑚𝑚

|𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒| 77 

This metric expresses resistance as the normal-year vegetation index divided by the absolute departure from 78 
the normal condition. When the event-year vegetation index is very close to the normal-year condition, the 79 
denominator becomes very small, so the metric can become very large. If there is no difference from the 80 
normal condition, the value becomes infinite or undefined. 81 

Orwin and Wardle-type metric 82 

𝑅𝑅𝑂𝑂𝑂𝑂 = 1 −
2 �𝐷𝐷0�

𝐶𝐶0 + �𝐷𝐷0�
 83 

where: 84 

𝐷𝐷0 = 𝐶𝐶0 − 𝑉𝑉𝐼𝐼𝑒𝑒 85 

This bounded metric evaluates the magnitude of departure from the control or normal condition. A value of 1 86 
indicates no departure from the normal condition, whereas lower values indicate larger disturbance effects. 87 

Xu et al. (2022)-type metric 88 

𝑅𝑅𝑋𝑋𝑋𝑋 = ln �
𝑉𝑉𝐼𝐼𝑒𝑒
𝑉𝑉𝐼𝐼𝑚𝑚

� 89 

This log-response metric quantifies proportional change from the normal-year condition to the event year. A 90 
value of 0 indicates no change from the normal condition, negative values indicate reduced vegetation activity, 91 
and positive values indicate above-normal vegetation activity. 92 

 93 
 94 
Table S1.  Numerical comparison of resistance between several metrics 95 

Situation Event-year 
VI 

Difference from 
normal 

Our 
metric Isbell-type Orwin & 

Wardle-type 
Xu et al.-

type 

Same as normal 0.60 0.00 1.000 ∞ / 
undefined 1.000 0.000 

Slight decline 0.56 0.04 0.962 15.0 0.875 -0.069 
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Situation Event-year 
VI 

Difference from 
normal 

Our 
metric Isbell-type Orwin & 

Wardle-type 
Xu et al.-

type 

Moderate decline 0.48 0.12 0.893 5.0 0.667 -0.223 

Large decline 0.30 0.30 0.769 2.0 0.333 -0.693 

Above-normal 
activity 0.66 -0.06 1.064 10.0 0.818 0.095 

 96 

Interpretation 97 

These metrics emphasize different aspects of event-year vegetation response. Our metric is centered around 1 98 
and directly represents how close the event-year vegetation index is to the normal-year condition. It is 99 
therefore intuitive for global pixel-wise mapping, land-cover comparisons, and use as a response variable in 100 
machine-learning analyses. 101 

The Isbell-type metric can become extremely large or undefined when the event-year vegetation index is very 102 
close to the normal-year condition. This property is useful for identifying very high resistance, but it may 103 
require careful handling of extreme values in global gridded analyses. 104 

The Orwin and Wardle-type metric is bounded and evaluates departure from the normal or control condition. 105 
However, because it uses absolute deviations, above-normal vegetation activity is treated as a departure from 106 
the normal state rather than as enhanced vegetation activity. 107 

The Xu et al. (2022)-type metric is a log-response ratio. It is useful for quantifying proportional change relative 108 
to the normal-year condition. However, it is centered around 0, with negative values representing reductions 109 
and positive values representing increases. In contrast, our metric uses 1 as the reference value, which provides 110 
a more direct interpretation of resistance as proximity to normal vegetation activity. 111 

Therefore, for the objective of this study, our metric is useful because it directly expresses event-year 112 
proximity to normal vegetation activity, while standard metrics such as the Isbell-type, Orwin and Wardle-113 
type, and log-response metrics can be used as supplementary sensitivity analyses. 114 

Numerical Comparison of Resilience Metrics 115 

This document compares four resilience metrics using the same hypothetical vegetation-index values. The 116 
purpose is to clarify how each metric responds when the vegetation index in the year after an event approaches, 117 
remains below, or exceeds the normal-year condition. 118 

Assumptions 119 

The normal-year vegetation index is defined as: 120 

𝑉𝑉𝐼𝐼𝑚𝑚 = 0.60 121 

The event-year vegetation index is fixed as: 122 

𝑉𝑉𝐼𝐼𝑒𝑒 = 0.48 123 

Thus, the initial event-year deviation from the normal condition is: 124 

𝐷𝐷0 = 𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒 = 0.60− 0.48 = 0.12 125 

The post-event vegetation index in the following year is denoted as: 126 

𝑉𝑉𝐼𝐼𝑒𝑒+1 127 
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Resilience metrics compared 128 

Our metric 129 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =
1

1 + �𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒+1�
 130 

This metric quantifies the proximity of post-event vegetation activity to the normal-year condition. A value of 131 
1 indicates recovery to the normal-year level, values below 1 indicate below-normal vegetation activity, and 132 
values above 1 indicate above-normal vegetation activity. 133 

Isbell-type metric 134 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =
|𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒|

�𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒+1�
 135 

This metric compares the initial event-year deviation with the remaining deviation in the year after the event. 136 
When the post-event value fully returns to the normal condition, the denominator becomes zero, so the value 137 
becomes infinite or undefined. 138 

Orwin and Wardle-type metric 139 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑂𝑂𝑂𝑂 =
2 �𝐷𝐷0�

�𝐷𝐷0� + |𝐷𝐷𝑥𝑥|
− 1 140 

where 141 

𝐷𝐷𝑥𝑥 = 𝑉𝑉𝐼𝐼𝑚𝑚 − 𝑉𝑉𝐼𝐼𝑒𝑒+1 142 

This bounded metric evaluates recovery relative to the initial disturbance. A value of 1 indicates full recovery, 143 
whereas values near or below 0 indicate little recovery or further decline. 144 

Xu et al. (2022)-type metric 145 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑋𝑋𝑋𝑋 = ln�
𝑉𝑉𝐼𝐼𝑒𝑒+1

𝑉𝑉𝐼𝐼𝑒𝑒
� 146 

This log-response metric quantifies proportional change from the event year to the post-event year. Positive 147 
values indicate an increase after the event, zero indicates no change from the event year, and negative values 148 
indicate further decline. 149 

Table S2.  Numerical comparison of resilience between several metrics 150 

Situation Post-event 
VI 

Difference 
from normal 

Our 
metric Isbell-type Orwin & 

Wardle-type 
Xu et al.-

type 
Full recovery to 
normal 0.60 0.00 1.000 ∞ / 

undefined 1.000 0.223 

Slightly below 
normal 0.56 0.04 0.962 3.0 0.500 0.154 

No recovery from 
event year 0.48 0.12 0.893 1.0 0.000 0.000 

Further decline 0.30 0.30 0.769 0.4 -0.429 -0.470 
Above-normal post-
event activity 0.66 -0.06 1.064 2.0 0.333 0.318 
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Interpretation 151 

These metrics emphasize different aspects of post-event vegetation dynamics. Our metric is centered around 1 152 
and directly represents how close the post-event vegetation index is to the normal-year condition. It is therefore 153 
intuitive for global pixel-wise mapping and for comparing resilience across land-cover types. 154 

In contrast, the Isbell-type metric can become extremely large or undefined when the post-event vegetation 155 
index is very close to the normal-year condition. This is useful for identifying very high recovery, but it may 156 
require careful handling of extreme values in global gridded analyses. 157 

The Orwin and Wardle-type metric is bounded and directly evaluates recovery relative to the initial 158 
disturbance. However, when post-event vegetation activity exceeds the normal-year condition, it treats this as a 159 
deviation from the normal state rather than as above-normal vegetation activity. 160 

The Xu et al. (2022)-type metric is a log-response ratio. It is useful for quantifying proportional change from 161 
the event year to the following year, but it does not directly indicate whether the system has returned to the 162 
normal-year condition. For example, a high positive value can occur when vegetation strongly increases from 163 
the event year, even if it remains below the normal-year level. 164 

Therefore, for the objective of this study, our metric is useful because it directly expresses one-year post-event 165 
proximity to normal vegetation activity, while standard metrics such as the Isbell-type, Orwin and Wardle-166 
type, and log-response metrics can be used as supplementary sensitivity analyses. 167 

  168 
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Comparisons of resistance and resilience estimated from MODIS NDVI and EVI 169 

Figures S2 and S3 present comparisons of resistance and resilience estimated from MODIS NDVI and EVI 170 
using the indices proposed by Isbell et al. (2015) and those proposed in this study. All data underlying these 171 
calculations, including the associated processing procedures, are available at the following DOI: 172 
10.5281/zenodo.20388921. 173 

 174 

 175 

Figure S2.  Resistance  using MODIS NDVI and MODIS EVI and compared the resulting values across land-176 
cover classes, SPEI timescales, and formula types. 177 
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 178 

 179 

Figure S3.  Resilience  using MODIS NDVI and MODIS EVI and compared the resulting values across land-180 
cover classes, SPEI timescales, and formula types. 181 

  182 
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Supplementary Results 183 

 184 

Figure S4. Resistance and resilience maps under seven climatic variables at SPEI-3, SPEI-6, and SPEI-12. 185 
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  186 

Figure S5. Boxplots of resistance for each land-cover type under different SPEI conditions. Resistance values 187 
were filtered by removing IQR-based outliers and restricting the display to the range 0.8–1.2. Each land cover 188 
type is shown using colors selected from the paired palette. Boxes denote the interquartile range (25th–75th 189 
percentiles), and whiskers indicate the maximum and minimum non-outlier values of the data. 190 
 191 
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 192 

Figure S6. Boxplots of resilience for each land cover type under different SPEI conditions. Resilience values 193 
were filtered by removing IQR-based outliers and restricting the display to the range 0.8–1.2. Each land-cover 194 
type is shown using colors selected from the Paired palette. Boxes denote the interquartile range (25th–75th 195 
percentiles), and whiskers indicate the maximum and minimum non-outlier values. 196 
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Table S3.  The proportion of values outside the 0.8–1.2 range for each land-cover type and SPEI category  197 

SPEI Climate 

Resistance   Resilience 

Integrated 
outside 

(%) 

Below 
0.8 (%) 

Above 
1.2 (%)   

Integrated 
outside 

(%) 

Below 
0.8 (%) 

Above 
1.2 (%) 

SPEI-3 

EXD 0.61 0.51 0.10  0.51 0.17 0.34 

SED 0.37 0.26 0.11  0.55 0.20 0.35 

MOD 0.28 0.14 0.14  0.46 0.16 0.30 

NOR 0.23 0.08 0.14  0.39 0.15 0.24 

MOW 0.60 0.17 0.43  0.40 0.13 0.28 

SEW 0.89 0.23 0.66  0.43 0.12 0.31 

EXW 1.18 0.27 0.91   0.54 0.13 0.41 

SPEI-6 

EXD 0.61 0.52 0.09  0.54 0.18 0.36 

SED 0.41 0.29 0.12  0.48 0.19 0.29 

MOD 0.29 0.15 0.14  0.46 0.18 0.28 

NOR 0.23 0.09 0.15  0.39 0.15 0.25 

MOW 0.60 0.16 0.43  0.40 0.13 0.27 

SEW 0.80 0.20 0.60  0.46 0.13 0.34 

EXW 1.14 0.24 0.91   0.55 0.14 0.41 

SPEI-12 

EXD 0.59 0.47 0.11  0.51 0.16 0.35 

SED 0.41 0.28 0.13  0.51 0.17 0.34 

MOD 0.34 0.17 0.17  0.48 0.17 0.31 

NOR 0.26 0.09 0.17  0.38 0.14 0.24 

MOW 0.58 0.15 0.43  0.45 0.14 0.31 

SEW 0.65 0.17 0.48  0.40 0.13 0.28 

EXW 0.92 0.16 0.75   0.47 0.15 0.32 
 198 

 199 

  200 
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Table S4. Variables with the second-highest feature importance in the LightGBM analysis for each climate–201 
land cover combination 202 

Land 
Cover SPEI 

Resistance   Resilience 

EXD SED MOD NOR MOW SEW EXW   EXD SED MOD NOR MOW SEW EXW 
Evergre

en 
Needle 

leaf 
Forest 

3 T-1△ T-1 T△ T T-1 T R-1△  T-1 T△ T+1 T-1△ T+1 T△ T+1△ 

6 T-1△ T-1△ T-1△ T-1△ T-1 T T△  R-1△ T+1 T△ T+1△ T T-1 T+1 

12 T T-1△ T△ T T△ T-1 T  T T△ T T-1 T-1 T+1△ T-1△ 

Evergre
en 

Broadle
af Forest 

3 T-1 T-1 T-1 T△ T P△ T-1  T T+1△ T△ T nan T T-1 

6 T T-1 nan T P△ T△ T  T+1 T△ T T△ T△ T+1 T 

12 T P P T-1 P△ T-1 T-1  T+1 T△ T+1△ T-1 T+1 T+1△ T△ 
Deciduo

us 
Needlel

eaf 
Forest 

3 T-1 T-1 T T-1 T-1 T-1 T  P+1 P+1 T R+1 T+1 T+1 T-1 

6 T-1 T T-1 T T-1 T-1 R  T-1△ P-1 T T△ T-1△ R+1 T-1 

12 T-1 T-1 T-1 T-1 R R-1 T-1  T T+1 T+1 T R+1 R R 

Deciduo
us 

Broadle
af Forest 

3 T-1 R T-1 T-1 P-1△ R△ R△  nan T+1 T-1 T-1 T-1 T+1 T-1△ 

6 ASI P△ P P-1△ nan R-1 T△  T△ T-1△ T-1 T-1△ T-1△ T+1△ T-1△ 

12 T-1 T-1 nan T-1 P△ T-1 T-1  P-1△ T+1△ T-1△ T-1 T-1△ T-1 R+1 

Mixed 
Forest 

3 T-1 T T T T T T-1△  T+1 T-1 T T+1△ T-1 T-1 T 

6 T T T T T-1△ T-1△ T-1  T-1 T-1 T T-1 T-1 T-1 T-1△ 

12 T T T△ T T-1 T R△  T-1△ T-1△ T T-1△ T-1 T-1 T-1 

Open 
Shrubla

nd 

3 T ASL△ T T T-1 T-1 T-1  T P+1 P+1 T+1 T T T-1 

6 T-1△ T T-1 T△ T-1 T-1△ ASL  T-1 P+1△ T T△ T-1△ R-1 R△ 

12 T-1△ T T-1 T T△ T△ R  T+1△ T+1 T+1 P+1△ T+1△ T-1 T+1△ 

Woody 
Savanna 

3 T T-1 T-1 T-1 T-1 R-1 R-1△  T+1 T T T-1 nan T+1 T-1 

6 P-1 P T-1 T-1 T-1 R-1 R-1  T T△ T-1 T-1 T-1△ T△ T-1△ 

12 T T△ T-1 T-1 T-1 T-1 T-1  T nan T△ T T+1 T-1 T-1△ 

Savanna 

3 T△ T△ T-1 T-1 T-1△ ASR T-1  T T+1 T-1 T△ T△ T T-1 

6 T-1 ASI△ T-1 T-1 T-1△ T-1 R-1△  T T+1 T-1△ T-1 T+1△ T△ T-1 

12 T-1 nan T-1 T-1 T-1 T-1 T-1  T T△ T-1 T-1 T T T-1△ 

Grasslan
d 

3 el ASL el T T el T-1  T+1△ T△ T T△ T△ T+1 T-1 

6 ASL T-1 T△ T T T△ el  T+1 T-1 T-1△ T-1△ T△ T+1△ T-1 

12 el T△ T T T T el△  T△ T-1 T△ T-1△ T△ T+1△ T-1 

Croplan
d 

3 T-1 ASI△ T-1 T-1 T T T-1  T T T+1△ T-1 T-1 nan T+1 

6 T-1 T T-1 T-1 T-1 T-1 T  T-1 T T+1 nan T T+1△ T+1△ 

12 T-1 ASI△ T-1 T T-1 T-1 T-1  T-1△ T+1 T+1 T△ T+1 T△ T+1△ 
Croplan
d/Natura

l 
vegetati

on 
mosaic 

3 ASI△ nan T-1△ T-1 T T△ T  T+1△ T T T-1 T+1 T+1 T 

6 T-1△ T-1△ T-1 T-1 T-1 T-1△ T△  T-1 T T T-1 T-1 T-1 T△ 

12 ASR T T-1 T-1 T-1 T T-1   T T T T+1 T-1 T-1△ T-1 

In LightGBM, the top variables selected under the three learning-rate settings were compared, and the second 203 
most frequently selected variable was adopted as the dominant predictor. When the same variable was selected 204 
under all three learning-rate settings, it was regarded as a robust top predictor. When the same variable was 205 
selected under two of the three learning-rate settings, the result was marked with a triangle symbol to indicate 206 
moderate robustness. When different variables were selected under all three learning-rate settings, the result 207 
was recorded as “nan,” indicating that no single dominant predictor was consistently identified. 208 
  209 
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Table S5. Variables with the third-highest feature importance in the LightGBM analysis for each climate–land 210 
cover combination 211 

Land 
Cover SPEI 

Resistance   Resilience 

EXD SED MOD NOR MOW SEW EXW   EXD SED MOD NOR MOW SEW EXW 

Evergreen 
Needle 

leaf Forest 

3 R-1 R-1 R-1△ R△ R-1 P△ R△  T+1 T+1 T T△ T-1 nan T-1 

6 R-1△ P-1△ R-1△ R R P-1 R-1△  T+1
△ T△ T+1△ T-1△ T-1 P-1 T-1 

12 R-1 P-1 R-1 R R P-1△ R-1△  T+1 R+1 T+1 T T T-1 nan 

Evergreen 
Broadleaf 

Forest 

3 P-1△ P-1 P R P P-1△ P△  T+1 T△ T+1△ T+1 nan P△ T+1 

6 P-1 P-1 nan R nan P-1△ R-1△  T T+1△ T+1△ T+1 T+1△ P-1 T+1 

12 R-1△ T△ T R T-1△ P P-1  T T+1△ T△ T+1 P nan T+1△ 

Deciduous 
Needleleaf 

Forest 

3 T P-1△ R△ R-1 R T R-1  R+1
△ nan T-1△ T R△ R+1 R+1 

6 R R R-1 R-1 T△ T T  R-1 R+1△ R+1 nan T△ T R+1 

12 R R-1 R R R-1 T-1 T  R+1 R+1△ P T+1 T+1 T+1 T+1 

Deciduous 
Broadleaf 

Forest 

3 P-1 P-1△ P-1 P-1 P△ P-1△ ASi△  nan P△ P△ T P+1 T△ R+1 

6 R P-1△ T-1△ T-1△ nan P P  R△ T P+1△ T△ T T T+1 

12 P P-1 nan R-1△ nan P-1△ R△  nan nan P T T T+1 T-1 

Mixed 
Forest 

3 R△ P-1 P-1 R R R-1△ P  T-1 T+1 T+1 T T T T-1 

6 R P-1 P-1△ R P△ R P  T+1 T+1 T+1 T T T T△ 

12 nan R△ R△ R R P-1△ T△  T+1
△ R+1 T+1 T T T T 

Open 
Shrubland 

3 P△ T-1 P-1△ P-1 R△ ASl ASl  T+1 T+1 T T-1△ P+1 R+1△ T+1 

6 el△ nan P-1△ P ASl△ ASl△ R△  P+1 P△ T+1 P+1△ T△ T R+1△ 

12 P△ P P P△ R-1 P T-1  P+1△ P+1△ P+1 T T-1 R△ T 

Woody 
Savanna 

3 P-1△ P-1△ P R-1 R-1 T-1 T△  R△ T+1 T+1 T nan R+1△ R-1△ 

6 T T-1△ P-1 R△ nan ASR△ T-1△  T+1
△ P+1 T T T△ T+1△ R-1△ 

12 R△ P-1△ P-1 R-1△ P△ P T△  nan nan T+1 T-1 T T R+1△ 

Savanna 

3 R-1 T-1△ P P-1 el△ P-1△ R-1  P△ T T T-1△ T-1△ T+1 R+1△ 

6 P-1△ T△ P△ R-1 el△ nan T-1△  P△ T T T T-1 T+1△ R+1 

12 ASl nan P-1 R-1 R-1 P-1 R-1  T+1 T+1△ T T T-1 T-1△ nan 

Grassland 

3 ASR T-1 T P-1△ el T T  T T+1 P+1 T+1 T+1 T T+1 

6 T T el△ P-1 el el△ T  T el P+1 nan T+1△ P+1 T+1 

12 T-1 el△ el el el el R  P△ T+1 T+1 T+1△ T+1△ T△ T+1 

Cropland 

3 ASR T△ R R-1 ASi△ ASi ASi  T-1 T+1 T△ T+1 T nan T-1 

6 T T-1 nan R-1 R-1△ R-1 R  T T+1 T nan T-1 nan T-1△ 

12 T T△ R R-1 R△ P ASR  T T T T+1△ T T+1 T-1 

Cropland/
Natural 

vegetation 
mosaic 

3 T-1△ nan P-1 P-1△ P-1 P P  P-1 T+1 P+1△ T+1 T P T-1 

6 P-1△ T△ P-1 P-1 P P P-1△  T T+1 T+1△ T+1 T P T-1 

12 T P-1 P-1△ P-1△ P-1△ P R-1   T+1 P△ T+1△ T T P△ T 

In LightGBM, the top variables selected under the three learning-rate settings were compared, and the third 212 
most frequently selected variable was adopted as the dominant predictor. When the same variable was selected 213 
under all three learning-rate settings, it was regarded as a robust top predictor. When the same variable was 214 
selected under two of the three learning-rate settings, the result was marked with a triangle symbol to indicate 215 
moderate robustness. When different variables were selected under all three learning-rate settings, the result 216 
was recorded as “nan,” indicating that no single dominant predictor was consistently identified. 217 
  218 
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