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High-resolution global distribution 
projections of 10 rodent genera 
under diverse SSP-RCP scenarios, 
2021–2100
Yang Lan   1, Xiao Wu1, Meng Xu2 ✉, Keran Li   3, Yizhong Huan4,5, Guangjin Zhou6,7,8, 
Fei Lun9, Wenlong Shang10, Riqi Zhang11 & Yang Xie   1,12 ✉

Understanding the potential impact of climate change on species distributions is crucial for biodiversity 
conservation and ecosystem management. Rodents, as one of the most diverse and widespread 
mammalian groups, play a critical role in ecological systems but also pose significant risks to agriculture 
systems and public health. Here, we present GridScopeRodents, a high-resolution global dataset 
projecting the distribution of 10 rodent genera from 2021 to 2100 under four CMIP6-based Shared 
Socioeconomic Pathway–Representative Concentration Pathway (SSP–RCP) scenario combinations. 
Using occurrence data and environmental variable, we employ the Maximum Entropy (MaxEnt) 
algorithm within the species distribution modeling (SDM) framework to estimate occurrence probability 
at a spatial resolution of 1/12° (~10 km). The dataset encompasses four SSP–RCP scenarios (SSP126, 
SSP245, SSP370, SSP585) and 10 global climate models (GCMs), providing projections at 20-year 
intervals. GridScopeRodents serves as a valuable resource for research on biodiversity conservation, 
invasive species monitoring, agricultural sustainability, and disease ecology. The dataset is publicly 
available in GeoTIFF format and can be accessed via Figshare.

Background & Summary
Climate change is affecting ecosystems globally in diverse and interrelated ways. It is manifested in rising tem-
peratures, shifting precipitation patterns, and increased climate variability. These changes can reshape species 
distributions, population dynamics, and ecological processes1. For example, fluctuations in temperature and 
precipitation may alter local plant productivity and habitat conditions, thereby influencing food availability 
and energy flow across trophic levels2,3. Climate change also threatens the provision of essential ecosystem ser-
vices such as water regulation, air purification, and soil fertility maintenance. Increasing climate variability may 
reduce the regulatory capacity of ecosystems, with evidence of degradation in sensitive biomes such as tropical 
rainforests, potentially leading to losses in biodiversity and ecosystem functionality4–6. More notably, climate 
change poses challenges to species’ adaptability to local climatic conditions, potentially resulting in the extinc-
tion or range contraction of some species, while enabling others to expand their distribution7–9. In temperate 
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regions, for instance, warm-adapted species may expand poleward or upward in elevation, causing biological 
invasion, while cold-adapted species may experience habitat loss and population decline.

Rodents, as the most diverse and widespread mammalian order, have successfully adapted to virtually 
all ecosystems across the globe10–12. Climate change profoundly influences their distribution and population 
dynamics by altering ecological niche factors, including habitat conditions, food resources, and biotic inter-
actions13,14. Projecting rodent distributions is of critical importance in ecology, public health, and agriculture, 
and its urgency has become increasingly pronounced with the accelerating impacts of global climate change. 
Specifically, due to their high environmental adaptability, rodents may shift their distributions to higher lati-
tudes or elevations, potentially triggering biological invasions and disrupting the stability of immigrated ecosys-
tems12,15. Additionally, many rodent species, such as Rattus, act as natural hosts or vectors for several zoonotic 
diseases, including Yersinia pestis, hantavirus, leptospirosis, and Lyme disease. The dynamics of rodent popula-
tions have been strongly associated with Yersinia pestis outbreaks in parts of Africa and Asia16–18. Furthermore, 
rodent species from the families Cricetidae and Muridae have long posed significant threats to agriculture by 
establishing habitats in the margins of farmland and uncultivated areas, eventually invading croplands and caus-
ing substantial crop damage and agricultural losses19,20. Therefore, accurately mapping the spatial distribution of 
key rodents is both necessary and urgent.

Ecological Niche Modeling (ENM) is an effective approach for projecting species distributions, helping 
researchers understand spatial distribution patterns and project species’ potential ranges under future changes 
in environment21. ENM employs mathematical and statistical approaches to construct Species Distribution 
Models (SDMs) that project suitable habitats for species based on known occurrence records and environmen-
tal variables22,23. However, ENM is highly dependent on extensive observational data, including georeferenced 
species occurrence records and environmental conditions, and is sensitive to spatial resolution and scale24. Data 
incompleteness, spatiotemporal inconsistencies in existing datasets, variations in spatial scale (e.g., regional vs. 
global), and underlying model assumptions introduce gaps and quality issues in ENM, directly contributing 
to discrepancies in projection outcomes and accuracy25,26. A key challenge in global-scale species distribution 
projections is reducing reliance on extensive observational data. The Maximum Entropy (MaxEnt) algorithm, a 
widely used machine-learning algorithm for ENM, effectively balances these challenges and has been recognized 
as a practical and robust projection modeling approach17,27–29.

Here, leveraging global species distribution records and environmental datasets, we employ MaxEnt to 
develop a high-resolution (1/12°) gridded dataset projecting the distribution of key rodent genera from 2021 
to 2100. These projections are updated at 20-year intervals under four SSP–RCP scenarios (SSP126, SSP245, 
SSP370, and SSP585) and 10 global climate models (GCMs). To our knowledge, this study is among the first 
to apply CMIP6 SSP–RCP scenario combinations in a global-scale, gridded rodent distribution projection. By 
providing spatially explicit rodent distribution estimates under different future climate scenarios, this dataset 
serves as a valuable resource for biodiversity research, agroecosystem sustainability studies, and disease ecology 
investigations.

Methods
Overall framework.  Figure 1 illustrates the methodological framework for generating this high-resolution 
global dataset of projecting 10 rodent genera distributions. First, we selected the target species for modeling and 
obtained georeferenced global distribution data for representative rodents at the species level from the GBIF 
database for the period 1970–2000. Next, we collected historical and future environmental data, including tem-
perature, precipitation, DEM (Digital Elevation Model), and NDVI (Normalized Difference Vegetation Index) 
as input environmental variables. Future environmental data were derived from four SSP–RCP scenarios and 10 
global climate models (GCMs). Finally, we applied the MaxEnt algorithm, optimized the model parameters, and 
generated global probability distribution for representative rodents at 20-year intervals from 2021 to 2100.

Species selected and processing.  We selected ten representative rodent genera for modeling: Akodon, 
Apodemus, Cricetulus, Mastomys, Microtus, Mus, Oligoryzomys, Peromyscus, Phyllotis, and Rattus. These genera 
were chosen based on four main criteria:

	(1)	 ecological or economic relevance, particularly regarding agricultural damage and zoonotic disease 
transmission;

	(2)	 sufficient georeferenced occurrence records (at least 300 records) to support robust MaxEnt modeling;
	(3)	 broad geographic and climatic coverage, encompassing multiple continents and major biomes; and
	(4)	 taxonomic clarity and consistency in global biodiversity databases such as GBIF and IUCN.

This selection includes both globally invasive genera (e.g., Rattus and Mus) and regionally dominant genera 
(e.g., Akodon, Microtus, and Phyllotis), ensuring taxonomical, ecological and biogeographic diversity in pro-
jections. A detailed summary of each genus’s ecological and economic relevance, with supporting literature, is 
provided in a supplementary table hosted on Figshare, titled “Rodent Genus Selection Justification (Literature)” 
(see Usage Notes).

Based on GBIF data, we extracted georeferenced global distribution records at the species level for 
these genera30. The data retrieval criteria included: “HasCoordinate is true”, “HasGeospatialIssue is false”, 
“OccurrenceStatus is Present”, and “TaxonKey is one of (Phyllotis Waterhouse, 1837; Mastomys Thomas, 1915; 
Rattus Fischer, 1803; Oligoryzomys Bangs, 1900; Peromyscus Gloger, 1841; Cricetulus Milne-Edwards, 1867; 
Mus Linnaeus, 1758; Akodon Meyen, 1833; Apodemus Kaup, 1829; Microtus Schrank, 1798)”, “Year 1970–2000”. 
The extracted dataset underwent coordinate validation and taxonomic name verification, resulting in a total of 
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548,571 occurrence records (see Fig. 2 for species sample sizes and distributions, with rodent images sourced 
from iNaturalist contributor31 and Observation.org32).

To mitigate spatial autocorrelation and estimation bias caused by uneven sampling, and to improve model 
accuracy and reliability, we applied the Spatially Rarefy Occurrence Data for SDMs function in the SDMtoolbox 
Pro extension of ArcGIS Pro (version 3.1.6). The occurrence points for each genus were spatially rarefied to a 
10 km resolution, ensuring that only one occurrence point exists within each 10 km grid cell.

Environmental variables selected and processing.  We selected climate (bioclimatic variable, including 
temperature and precipitation), DEM (including elevation and slope), and NDVI data as input environmental 
variables (Table 1). In addition to climatic variables that directly influence species distributions, non-climatic 
factors such as elevation, slope, and NDVI also play important roles. Elevation and slope describe topographic 
structure, which contributes to habitat heterogeneity and potential barriers to species movement. NDVI reflects 
vegetation greenness and primary productivity, and serves as a proxy for food availability and habitat quality in 
ecosystems33,34. For future projections, elevation, slope, and NDVI were initially intended to be held constant 
across all scenarios, due to the lack of reliable, long-term global projections at comparable spatial resolution. This 
practice—combining static environmental layers with dynamic climate variables—is commonly adopted in SDM 
studies and has been shown to outperform models that exclude static variables in several contexts35–37. However, 
NDVI was ultimately excluded from the final modeling framework, as explained in the Uncertainty section.

Climate and elevation data were obtained from WorldClim (v2.1), which provides 19 bioclimatic variables 
(Bio1–Bio19) and elevation data at a spatial resolution of 1/12°38. The dataset includes long-term historical cli-
mate averages for the period 1970–2000, as well as projected future climate averages at 20-year intervals from 
2021 to 2100. WorldClim is an online database that provides global climate data, with version 2.1 being its sec-
ond major update. This dataset, based on climate model projections, is widely used in biodiversity conservation, 
ecological modeling, climate change impact assessments, and agricultural planning38. The global climate dataset 
provides both historical climate data and future projections, covering four SSP–RCP scenarios and 10 GCMs. 
Slope data were derived from elevation using the ‘Slope Calculation’ function in ArcGIS Pro (v3.1.6). Global 
NDVI data were obtained from the PKU-GIMMS-NDVI dataset (v1.2) released by Peking University, at a res-
olution of 1/12° over the period 1982–202039. To align as closely as possible with the temporal coverage of the 
WorldClim climate data, we used the long-term mean for the period 1982–2000 as a proxy for average vegetation 
greenness during the baseline period. This dataset addresses uncertainties in existing long-term NDVI records, 
particularly those caused by NOAA satellite orbital drift and AVHRR sensor degradation and has demonstrated 
high accuracy when evaluated against Landsat NDVI samples39.

Ecological niche modeling of representative rodents.  Ecological niche refers to the role or func-
tion of a species within its environment, encompassing its position in the ecosystem, interactions with other 
species (e.g., predation, competition), ecological requirements (e.g., food, habitat, climatic conditions), and the 
way it utilizes resource endowments and environmental conditions40,41. This study selected habitat preferences 

Fig. 1  Overall framework for constructing the GridScopeRodents dataset using ecological niche modeling. 
This diagram illustrates the overall workflow for developing the GridScopeRodents dataset. It integrates species 
occurrence data, environmental variables, and ecological niche modeling using MaxEnt algorithm. Historical 
and future projections are generated under multiple SSP–RCP scenarios and GCMs, resulting in a high-
resolution global dataset of rodent habitat suitability from 2021 to 2100.
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and environmental factors, such as temperature, humidity, and food availability (vegetation coverage), as input 
variables for ecological niche modeling. We employed the Maximum Entropy (MaxEnt) algorithm within the 
species distribution modeling (SDM) framework to analyze the ecological niches of representative rodents, using 
Maximum Entropy Species Distribution Modeling software (v3.4.4).

MaxEnt is a machine-learning algorithm based on the maximum entropy method (see Eq. 1), integrat-
ing species occurrence data with environmental variables to predict potential species distributions42,43. The 
algorithm is advantageous due to its low data requirements, high predictive accuracy, and straightforward 
implementation, making it one of the most widely used SDMs in biogeography and macroecology44. The core 
principle of MaxEnt is to select the probability distribution with the highest entropy that satisfies the given 
constraints, thereby minimizing prediction risk. This ensures an accurate estimation of species distributions by 

Fig. 2  Representative rodents selected (b) and their global distribution (a). The circular phylogenetic tree 
displays the rodent species included in the model at the terminal nodes, annotated with the number of samples 
per species (b). Labels of the form “Genus + None” indicate records that could only be identified to the genus 
level in the original dataset.
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producing the most uniform probability distribution possible in the absence of additional subjective assump-
tions, ultimately reducing predictive uncertainty. MaxEnt was trained using species occurrence records and 
randomly sampled background points. These background points are not considered true absences but are used 
to characterize the available environmental space, following standard practice in presence-only species distri-
bution modeling42,44.
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where X denotes the set of all spatial grid cells within the study area; xi represents the i-th known occurrence 
location of the species, with i = 1,2, …, n; fj(x) is the j-th environmental feature function at location x; and p(x) 
is the estimated spatial probability distribution of species presence.

We conducted both historical and future distribution modeling for ten representative rodent genera. Variable 
selection and parameter optimization were necessary when performing ecological niche modeling using 
MaxEnt. To ensure methodological rigor, we reviewed multiple studies on rodent distributions and followed a 
systematic process25,45–48:

Variables Description Period & Time Interval Resolution Source

Bio1 Annual mean temperature Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio2 Mean diurnal temperature range Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio3 Isothermality
(Bio2/Bio7)(×100)

Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio4 Temperature seasonality
(standard deviation × 100)

Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio5 Maximum temperature of warmest month Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio6 Minimum temperature of coldest month Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio7 Temperature annual range Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio8 Mean temperature of wettest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio9 Mean temperature of driest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio10 Mean temperature of warmest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio11 Mean temperature of coldest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio12 Annual precipitation Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio13 Precipitation of wettest month Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio14 Precipitation of driest month Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio15 Precipitation seasonality
(Coefficient of Variation)

Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio16 Precipitation of wettest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio17 Precipitation of driest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio18 Precipitation of warmest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Bio19 Precipitation of coldest quarter Historical, 30 years mean (1970–2000);
Future, 20 years mean (2021–2100) 1/12° WorldClim

Elevation Altitude above sea level
(Topographic Position) Constant 1/12° WorldClim

Slope Rate of elevation change across space
(Terrain Steepness) Constant 1/12° Calculated

NDVI Normalized Difference Vegetation Index Historical, 18 years mean (1982–2000) 1/12° PKU

Table 1.  Environmental variables selected for modeling.
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First, to reduce multicollinearity among variables, Pearson Correlation (r) was used to compute pairwise 
correlations among all variables. Meanwhile, all the preselected historical environmental variables were input 
into MaxEnt to obtain the Percent Contribution (PC) and Permutation Importance (PI) of each variable in 
influencing species distribution. The r, PC, and PI values obtained from the initial modeling of each Genus are 
shown in Fig. 3.

Then, according to the obtained r, PC, and PI values, we refined the environmental variable set by removing 
highly correlated variables (|r| ≥ 0.8), retaining those with a greater contribution for PC and PI to species distri-
bution. The final selected environmental variables were then re-entered into MaxEnt (see Table 2) for parameter 
tuning using the ENMeval package in R. We tested regularization multiplier (RM) values ranging from 1.0 to 
6.0 (with 0.5 steps), while keeping the feature classes at MaxEnt’s default “Auto features” setting. Model perfor-
mance for each RM setting was evaluated using Area Under the Curve (AUC) and True Skill Statistic (TSS). The 
RM value yielding the best balance between predictive accuracy and generalization was selected for each genus  
(see Fig. 4).

Next, using the final set of environmental variables and the optimized parameters, we conducted 25 rep-
licate runs for both historical and future distribution modeling of each species. Historical distribution mod-
eling was based on historical-format environmental variables. Following the historical distribution modeling 
results, we selected 10 GCMs and their corresponding four SSP–RCP scenarios for future projections (Table 3 

Fig. 3  Environmental variable correlations and variables’ percent contributions and permutation importance 
for each genus in initial modeling. Bottom-left: Network diagram showing the percent contribution (%) of 
each environmental variable (positioned diagonally) to each rodent genus (along the left and bottom axes). The 
thickness and color of the connecting lines represent the magnitude of contribution, with thicker and more 
yellow edges indicating higher contribution. Center: Pearson correlation matrix among the 22 environmental 
variables used in the modeling. Right: Permutation importance (%) of each variable in predicting genus-level 
habitat suitability.

Genus Final environmental variables selected

Akodon Bio02 Bio03 Bio05 Bio07 Bio14 Bio15 Bio18 Bio19 elevation slope

Apodemus Bio02 Bio06 Bio07 Bio14 Bio15 Bio18 Bio19 elevation slope

Cricetulus Bio02 Bio04 Bio11 Bio15 Bio16 Bio17 Bio19 elevation slope

Mastomys Bio02 Bio03 Bio07 Bio08 Bio14 Bio15 Bio16 Bio19 elevation  slope

Microtus Bio02 Bio04 Bio11 Bio14 Bio15 Bio18 Bio19 elevation slope

Mus Bio02 Bio04 Bio11 Bio14 Bio15 Bio18 Bio19 elevation slope

Oligoryzomys Bio02 Bio03 Bio07 Bio08 Bio14 Bio15 Bio16 Bio19 elevation slope

Peromyscus Bio02 Bio04 Bio11 Bio14 Bio15 Bio18 Bio19 elevation slope

Phyllotis Bio01 Bio02 Bio03 Bio07 Bio12 Bio14 Bio15 elevation slope

Rattus Bio02 Bio04 Bio06 Bio12 Bio14 Bio15 elevation slope

Table 2.  Final environmental variables selected for each genus modeling.
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and Table 4). The MaxEnt parameter settings were as follows: randomseed, randomtestpoints = 25, max-
imumbackground = 100000, replicates = 25, replicatetype = bootstrap, writebackgroundpredictions, and 
maximumiterations = 5000.

Fig. 4  Area Under the Curve (AUC) and True Skill Statistic (TSS) performance across varying regularization 
multipliers for (a) Akodon, (b) Apodemus, (c) Cricetulus, (d) Mastomys, (e) Microtus, (f) Mus, (g) Oligoryzomys, 
(h) Peromyscus, (i) Phyllotis, and (j) Rattus. All models were run with MaxEnt’s default “Auto features”. Each 
point represents the mean AUC and TSS across 25 replicate runs, with error bars indicating ± 1 standard 
deviation. Note: TSS was calculated using the Maximum Training Sensitivity Plus Specificity (MTSS) threshold 
applied to cloglog-transformed outputs.

Global Climate Models Description

ACCESS-CM2
Developed by Australian climate scientists, ACCESS-CM2 is a high-resolution climate model designed to 
simulate the interactions between the atmosphere and oceans. It focuses on the impact of greenhouse gases on 
global warming and is used for global climate change research.

CMCC-ESM2
Developed by the Euro-Mediterranean Center on Climate Change (CMCC), CMCC-ESM2 is an Earth system 
model that integrates modules for the atmosphere, ocean, land, and ice sheet processes. It focuses on climate 
change prediction and assesses the potential environmental and societal impacts of climate change.

EC-Earth3-Veg
Developed as part of the EC-Earth project, EC-Earth3-Veg incorporates a plant dynamics module to simulate the 
feedback effects of vegetation changes on climate. It focuses on the interactions between terrestrial ecosystems 
and the atmosphere, with an emphasis on land-based ecological feedbacks to climate change.

GISS-E2-1-G
Developed by NASA’ s Goddard Institute for Space Studies (GISS), GISS-E2-1-G is a comprehensive climate 
model designed for long-term climate simulations. It emphasizes the coupling of multiple physical processes 
within the global climate system and focuses on temperature changes, sea-level rise, and other global climate 
phenomena.

INM-CM5-0
Developed by the Russian Institute for Numerical Mathematics (INM), INM-CM5-0 is an Earth system model 
that simulates atmospheric, oceanic, and terrestrial processes. It is primarily used for global climate predictions 
and focuses on simulating extreme weather events and climate change in polar regions.

IPSL-CM6A-LR
Developed by the Pierre-Simon Laplace Institute (IPSL) in France, IPSL-CM6A-LR is a low-resolution Earth 
system model that couples the atmosphere, oceans, land, and ice sheets. It focuses on long-term climate change 
simulations, extreme weather events, and the impact of climate change on global energy balance.

MIROC6
Developed by several Japanese research institutions, MIROC6 is a high-resolution climate model designed 
for global climate simulations. It focuses on long-term climate predictions and the regional impacts of climate 
change, with particular strength in simulating temperature, precipitation, and sea-level changes.

MPI-ESM1-2-HR
Developed by the Max Planck Institute for Meteorology, MPI-ESM1-2-HR is a high-resolution Earth system 
model that emphasizes high-precision simulations of climate change. It focuses on the response of climate 
systems to extreme weather events and is particularly suited for studying the impacts of climate change on 
ecosystems, ice sheets, and the global hydrological cycle.

MRI-ESM2-0
Developed by the Meteorological Research Institute (MRI) of Japan, MRI-ESM2-0 is an Earth system model that 
simulates atmospheric, oceanic, and ice sheet processes. It focuses on multiple feedback mechanisms within the 
Earth system and is used for climate change predictions and regional climate studies.

UKESM1-0-LL
Developed by the UK Met Office and partner institutions, UKESM1-0-LL is a low-resolution Earth system model 
that couples physical climate processes with biogeochemistry, atmospheric chemistry, and aerosols. It focuses on 
climate–carbon cycle feedbacks and is used for long-term climate projections and mitigation assessments.

Table 3.  Global Climate Models selected for modeling.
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Finally, we generated a global probability distribution dataset for rodents from 2021 to 2100 at 20-year inter-
vals under four SSP–RCP scenarios and ten GCMs. The probability estimates were generated using cloglog 
transformation, which is considered to have stronger theoretical interpretability compared to the traditional 
logistic transformation28.

Data Records
The global rodent distribution projections under four SSP–RCP scenarios and 10 GCMs from 2021 to 2100 are 
stored in GeoTIFF format (.tif), using the WGS84 coordinate system at a 1/12° resolution. The dataset consists 
of 9,820 files, 340 GB, including historical/baseline data derived from 1970–2000 observations and future data 
from 2021–2100 projections. These files are publicly accessible on Figshare for Institutions (UCL) and can be 
downloaded49.

Technical Validation
Accuracy.  To ensure the robustness and reliability of the rodent distribution models, we implemented a mul-
ti-layer evaluation framework that includes both continuous and binary performance metrics, parameter opti-
mization, and replicated model fitting. These multiple layers of evaluation confirm the predictive strength of our 
models and the credibility of the modeling process.

We applied the random seed function to partition the occurrence dataset of each species into a training set 
(75%) and a testing set (25%). Model performance was evaluated using the receiver operating characteristic 
curve (ROC) and the area under the curve (AUC) values derived from the fitted results of each species (see 
Fig. 5). Previous studies have shown that an AUC value above 0.7–0.8 indicates relatively high model perfor-
mance and reliability42,50. Our results demonstrate that the AUC values for all species exceeded 0.9, suggesting 
high model performance and confidence.

SSP & RCP Description

SSP126 (Sustainability Scenario)
Assumed that global efforts toward sustainable development are actively promoted, with strong 
climate policies and technological innovations to reduce greenhouse gas emissions, promote 
clean energy, and enhance resource efficiency. It emphasizes global cooperation and social 
equity, resulting in low emission levels.

SSP245 (Middle of the Road Scenario)
Assumed that global efforts toward sustainable development are actively promoted, with strong 
climate policies and technological innovations to reduce greenhouse gas emissions, promote 
clean energy, and enhance resource efficiency. It emphasizes global cooperation and social 
equity, resulting in low emission levels.

SSP370 (High Emission Scenario)
Assumed continued economic growth globally, but with insufficient climate policies. 
Greenhouse gas emissions remain high, and the energy structure is heavily reliant on fossil fuels. 
Climate change mitigation is inadequate, global cooperation is weak, and the impacts of climate 
change are severe.

SSP585 (High Emission Scenario)
Assumed that global efforts to reduce emissions are ineffective, with continued reliance on 
fossil fuels and extremely high greenhouse gas emissions. Climate policies and international 
cooperation are lacking, and the impacts of climate change are severe, putting tremendous 
pressure on ecosystems and socio-economic systems.

Table 4.  Shared Socio-economic Pathways and Representative Concentration Pathways selected for modeling.

Fig. 5  The species-specific receiver operating characteristic (ROC) curves from the final model for (a) Akodon, 
(b) Apodemus, (c) Cricetulus, (d) Mastomys, (e) Microtus, (f) Mus, (g) Oligoryzomys, (h) Peromyscus, (i) 
Phyllotis, and (j) Rattus, Each curve represents the average ROC performance across 25 replicate runs. Note: 
Specificity is defined using predicted area (background extent), rather than true commission errors, in line with 
MaxEnt’s presence-only evaluation framework.
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MaxEnt automatically generates multiple thresholds based on the modeling results and various threshold 
rules. By selecting an appropriate threshold, the continuous model output can be converted into a a binary 
prediction, classifying areas as suitable or unsuitable habitats. To evaluate the performance of these binary 
classifications, we calculated the True Skill Statistic (TSS), which considers both sensitivity and specificity 
and is not affected by prevalence, making it particularly suitable for presence-only models. We applied four 
commonly used thresholding rules to assess model accuracy under different classification criteria: (1) Equal 
Training Sensitivity and Specificity (ETSS), (2) Maximum Training Sensitivity plus Specificity (MTSS), (3) 
Balance Training Omission and Predicted Area (BTPT), and (4) Equate Entropy of Thresholded and Original 
Distributions (EETO). As shown in Table 5, the models exhibited consistently high binary classification accu-
racy across genera, with average TSS values generally exceeding 0.8 under most thresholding approaches.

Furthermore, to enhance model robustness, we performed parameter tuning in MaxEnt by testing a range of 
regularization multiplier (RM) values from 1.0 to 6.0 in 0.5 steps, while keeping the feature classes set to the default 
“Auto features” configuration. For each RM value, model performance was assessed using the mean AUC and TSS 
scores. As shown in Fig. 3, both AUC and TSS values generally declined with increasing RM, reflecting the trade-off 
between model complexity and predictive performance. Meanwhile, we observed that higher RM values tended 
to produce overly generalized suitability maps, with predicted distributions becoming more spatially diffuse and 
ecologically implausible. Based on these observations, we selected RM = 1.0 as the final setting for all genera. This 
conservative choice ensured a consistent balance between predictive performance and ecological interpretability.

Additionally, we conducted 25 replicate runs for each genus to obtain more robust results. Based on these 25 
replicate runs, we generated descriptive statistics for species occurrence probability at each grid cell, including 
the maximum (max), minimum (min), median, 95% confidence interval (lowerci), average (avg), and standard 
deviation (stddev).

Uncertainty.  Model uncertainty primarily stems from parameter settings, environmental variable selection, and 
sample data quality. Regarding parameter settings, key factors include the regularization multiplier, the number 
of background points, and the number of validation replicate runs. Our results indicate that adjustments to the 
regularization multiplier have minimal impact on the performance of this model. To illustrate, after modifying the 
regularization multiplier, the ROC curve and corresponding AUC values remained largely unchanged. We speculate 
that this insensitivity may be due to the large spatial scale of the model, which reduces the influence of regularization 
adjustments. In contrast, the number of background points has a more substantial effect on model performance. The 
background point quantity influences both model fitting and predictive accuracy. Specifically, too few background 
points may lead to insufficient sampling of environmental variables, preventing the model from accurately capturing 
the species’ ecological niche. Conversely, an excessive number of background points may introduce noise, leading to 
model overfitting. Research suggests that the number of background points should be proportional to the number of 
occurrence records (e.g., 10 times the number of presence records), and the optimal value should be adjusted based 
on the research species and data quality51. Other studies indicate that the accuracy of the MaxEnt algorithm improves 
as the number of background points increases; however, this improvement plateaus once a certain threshold is 
reached52. To be precise, model performance is optimized when the Number of Random Points (NRP) is several 
times the Number of Training Presences (NTP). For species with widespread distributions, using a large number of 
background points may be advantageous52. Considering these suggestions, we set the number of background points 
for each model to 100,000, taking into account the global grid scale and the sample sizes of representative rodents. 
Furthermore, to enhance model stability and robustness, we increased the number of validation replicate runs from 
the conventional 10 to 25 and removed occurrence records with missing environmental variable data.

Regarding environmental variable selection, multicollinearity among variables can contribute to model 
uncertainty and reduce predictive accuracy. To mitigate this, we evaluated Pearson correlation coefficients 
among environmental variables and reviewed the initial modeling results for each species to filter and select the 
final environmental variables for modeling. A particular case worth noting is the decision to exclude NDVI from 

Genus ETSS MTSS BTPT EETO TSSETSS TSSMTSS TSSBTPT TSSEETO

Akodon 0.192 0.132 0.021 0.166 0.867 ± 0.010 0.887 ± 0.010 0.834 ± 0.015 0.877 ± 0.013

Apodemus 0.349 0.192 0.032 0.136 0.881 ± 0.002 0.907 ± 0.002 0.856 ± 0.009 0.903 ± 0.003

Cricetulus 0.136 0.134 0.024 0.164 0.826 ± 0.024 0.846 ± 0.017 0.786 ± 0.012 0.800 ± 0.033

Mastomys 0.278 0.147 0.021 0.214 0.827 ± 0.008 0.856 ± 0.006 0.821 ± 0.013 0.848 ± 0.010

Microtus 0.360 0.234 0.037 0.156 0.758 ± 0.003 0.773 ± 0.003 0.663 ± 0.011 0.766 ± 0.004

Mus 0.318 0.219 0.034 0.163 0.718 ± 0.005 0.731 ± 0.005 0.589 ± 0.013 0.726 ± 0.004

Oligoryzomys 0.182 0.126 0.018 0.170 0.850 ± 0.007 0.860 ± 0.007 0.796 ± 0.018 0.853 ± 0.007

Peromyscus 0.360 0.265 0.048 0.163 0.798 ± 0.002 0.820 ± 0.002 0.690 ± 0.014 0.803 ± 0.002

Phyllotis 0.064 0.060 0.007 0.122 0.937 ± 0.006 0.939 ± 0.005 0.911 ± 0.010 0.930 ± 0.010

Rattus 0.260 0.196 0.045 0.180 0.732 ± 0.003 0.741 ± 0.005 0.652 ± 0.011 0.738 ± 0.006

Table 5.  Accuracy evaluation using four threshold rules. Note: ETSS = Equal training sensitivity and specificity 
Cloglog threshold; MTSS = Maximum training sensitivity plus specificity Cloglog threshold; BTPT = Balance 
training omission, predicted area and threshold value Cloglog threshold; EETO = Equate entropy of 
thresholded and original distributions Cloglog threshold; TSS = True Skill Statistic under the corresponding 
threshold.
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the final variable set. NDVI was initially included in the candidate variable pool and participated in the initial 
modeling phase for all genera. However, it was excluded from the final models for three main reasons:

First, NDVI showed strong collinearity with Bio2 (Pearson r = 0.88), as illustrated in the variables’ correla-
tion matrix (see Fig. 3, center panel), which raised concerns of redundancy.

Second, although NDVI showed non-negligible percent contribution in some genera (e.g., 10.5% in 
Cricetulus), its permutation importance—a more robust indicator of a variable’s independent effect on model 
performance—remained consistently low across all genera (maximum 3.2%, and < 2.1% in others), as shown 
in Fig. 3 (right panel). Percent contribution reflects the gain added by each variable during the iterative model 
fitting process and can be influenced by variable entry order and collinearity. In contrast, permutation impor-
tance measures the decrease in model performance when the values of a variable are randomly permuted, thus 
providing a more reliable assessment of its unique predictive value. The low permutation importance of NDVI 
suggests that its independent predictive value and added contribution to the model were limited.

Third, and most importantly, NDVI lacks scenario-consistent future projections under CMIP6, which limits 
its utility for long-term forecasting. Although we compared NDVI averages from 1982–2000 (used in baseline 
modeling) and 2001–2020 and found a high spatial correlation (r > 0.98), we also observed clear differences in 
vegetation intensity across many regions. This indicates potential risk when treating NDVI as a static environ-
mental layers like elevation and slope in future-oriented projections.

Taken together, NDVI’s overlap in explanatory power with Bio2, the low independent contribution to model 
performance, the lack of usable future NDVI data, and its associated uncertainty led us to retain Bio2 and 
exclude NDVI from the final modeling framework. We believe this decision offers a practical balance between 
ecological relevance, temporal consistency, and model robustness.

For sample data quality, previous studies suggest that increasing the number of occurrence records enhances 
model stability53. Therefore, we thoroughly reviewed the species occurrence dataset from GBIF and corrected 
taxonomic misidentifications and synonyms, retaining as many valid occurrence points as possible to improve 
data accuracy. In addition, as the WorldClim v2.1 historical climate dataset only covers the period from 1970 to 
2000, we restricted our modeling to occurrence records within this timeframe to ensure temporal consistency. 
In future work, we aim to explore the use of alternative climate datasets with coverage beyond 2000 (e.g., for 
2000–2020), in combination with more recent species occurrence records, to support retrospective modeling 
(historical modeling) and validation.

Usage Notes
The GridScopeRodents dataset has a spatial resolution of 1/12° and uses the WGS 1984 coordinate reference 
system (EPSG:4326), covering 10 genera projections in historical four SSP–RCP scenarios and 10 global climate 
models (GCMs). It includes projection data at 20-year intervals from 2021 to 2100, as well as baseline data mod-
eled using 1970–2000 records, comprising a total of 9,820 files with a combined size of 340 GB. In addition, a 
detailed summary of each genus’s ecological and economic relevance, with supporting literature, is provided in 
a supplementary table titled Rodent Genus Selection Justification (Literature). The dataset is publicly available via 
Figshare for Institutions (UCL)49.

All data are stored in GeoTIFF (.tif) format and can be accessed and processed using ArcGIS, ENVI, R, and 
Python. Each GeoTIFF file contains grid-based predictions of habitat suitability, with values ranging from 0 
to 1. These values represent the probability of species presence at each grid cell, transformed using the cloglog 
output function in MaxEnt, which is approximately interpretable as the probability of occurrence under typical 
presence-only assumptions. A higher value indicates greater predicted environmental suitability for the species, 
while lower values suggest unsuitable or marginal areas. Users may interpret the continuous output directly, or 
apply threshold values (e.g., MTSS, ETSS) to convert the suitability layer into a binary presence/absence map. 
The thresholds used for evaluation in this dataset are provided in Table 5.

The dataset is organized into two main directories: historical_baseline and future. The historical_baseline folder 
follows the structure Genus_Statistics, while the future folder is organized as Genus_Statistics_Year_SSP-RCP. 
Notably, “historical” refers to distribution probabilities modeled using 1970–2000 data, serving as the baseline. 
Files in the historical_baseline folder follow the naming convention Genus_Statistics.tif, while those in the future 
folder use the format Genus_GCM_Year_SSP-RCP_Statistics.tif. Here, Genus represents the rodent genus, GCM 
denotes the global climate model used, Year specifies the projected time period, SSP-RCP indicates the shared 
socioeconomic pathway and representative concentration pathway, and Statistics describes the file’s data charac-
teristics. For example, Akodon_ACCESS-CM2_2021–2040_ssp126_avg.tif represents the average projected occur-
rence probability for Akodon under the SSP1–RCP2.6 scenario and the ACCESS-CM2 global climate model during 
2021–2040 over 25 replicate runs. To enhance the applicability of the results and reduce uncertainty arising from 
inter-model variability, we additionally provide ensemble-mean projections averaged across the ten global climate 
models (GCMs). These ensemble data products cover all SSP–RCP scenarios and future time slices (2030s, 2050s, 
2070s, and 2090s). The ensemble-mean maps of each genus are stored in the GCM_Averaged_Projections subfolder 
within the future directory of the Figshare dataset named Genus_Year_SSP-RCP_GCM_Averaged.tif. Users seeking 
more generalized or policy-relevant distribution trends may find these averaged outputs preferable to projections 
from individual GCMs.@media print {.ms-editor-squiggler {display:none !important;}}.ms-editor-squiggler {all: 
initial;display: block !important;height: 0px !important;width: 0px !important;}

Code availability
This study utilized MaxEnt v3.4.454, the SDMtoolbox Pro extension for ArcGIS Pro (http://www.sdmtoolbox.org/),  
and the ENMeval package in R (via GitHub or CRAN) for data generation and processing. All these tools are 
freely available for download and use. Custom Python code for computing the TSS test from MaxEnt outputs is 
available via Figshare for Institutions (UCL)49.
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