
 
 

 
 

 
Sustainability 2026, 18, 6779 https://doi.org/10.3390/su18136779 

Article 

The Suitable Distribution Pattern of Typical Birch Forest  
Vegetation Types in China and Its Differential Response to  
Climate Change 
Huayong Zhang 1,2,*, Ritai Su 1, Yihe Zhang 3, Zhongyu Wang 1 and Zhao Liu 2 

1 Research Center for Engineering Ecology and Nonlinear Science, North China Electric Power University, 
Beijing 102206, China; 120232209092@ncepu.edu.cn (R.S.); zhy_wang@ncepu.edu.cn (Z.W.) 

2 Theoretical Ecology and Engineering Ecology Research Group, School of Life Sciences,  
Shandong University, Qingdao 250100, China; 15540959555@163.com 

3 School of Engineering, RMIT University, P.O. Box 71, Bundoora, VIC 3083, Australia;  
henin.zhang@rmit.edu.au 

*  Correspondence: zhanghuayong@sdu.edu.cn 

Abstract 

Under global climate change, shifts in the suitable distribution of forest vegetation have 
become an important issue in ecology and biogeography, closely linked to forest biodi-
versity conservation and terrestrial ecosystem sustainable development. Birch forests are 
widely distributed across cold-temperate, temperate, and montane regions in China, but 
different birch forest types may vary in their environmental adaptations and spatial re-
sponses to climate change. In this study, three representative birch forest vegetation types 
in China, namely Betula utilis forest, Betula albosinensis forest, and Betula ermanii krumm-
holz, were selected for comparative analysis. Based on vegetation distribution records and 
environmental variables, an optimized MaxEnt model was constructed using ENMeval to 
identify current suitable distribution patterns, key environmental drivers, and future hab-
itat changes under climate change scenarios. The results showed that the three birch forest 
types differed markedly in current suitable distribution patterns. Betula utilis forest was 
mainly concentrated in the Qinling Mountains, Betula albosinensis forest showed a broader 
montane distribution pattern, and Betula ermanii krummholz was restricted to high-alti-
tude or high-latitude cold habitats. Climatic factors were the dominant drivers of suitabil-
ity, but the key environmental variables differed among the three vegetation types, indi-
cating niche differentiation along temperature, precipitation, and elevation gradients. Un-
der future climate scenarios, the suitable habitats of the three types showed type-specific 
changes in area, spatial stability, and centroid migration. Betula utilis forest and Betula al-
bosinensis forest mainly exhibited regional spatial adjustment and partial expansion, 
whereas Betula ermanii krummholz showed stronger dependence on high-elevation cold 
habitats and more limited spatial adjustment capacity. These findings indicate that differ-
ent birch forest vegetation types in China do not respond uniformly to climate change. 
The study provides a vegetation-type-specific basis for identifying stable suitable areas, 
potential expansion areas, and climate-sensitive habitats, and can support adaptive man-
agement and conservation planning for montane forest vegetation helping advance the 
implementation of Sustainable Development Goal 15 (SDG15) and long-term sustainabil-
ity of mountain forest ecosystems under future climate change. 
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1. Introduction 
Global climate change is continuously reshaping the geographical distribution of ter-

restrial vegetation. Its impact is not only manifested in the expansion, contraction and 
spatial migration of suitable ranges, but also interacts with habitat fragmentation, thereby 
affecting biodiversity, ecosystem processes, and the structural and functional stability of 
forest ecosystems [1–3]. Exploring the reorganization mechanism of the distribution pat-
tern of forest vegetation under climate change has become the key to predicting the dy-
namic evolution of ecosystems. It has been widely shown that global warming drives 
many terrestrial species and forest plants to shift toward higher latitudes and higher ele-
vations [4,5]. However, whether this response is generally consistent among different veg-
etation types or even different formations within the same genus still needs to be system-
atically verified. 

Birch forest is an important part of forest vegetation in cold temperate zone, temper-
ate zone and mountainous areas of China, and plays an irreplaceable role in community 
succession, soil and water conservation and regional ecological security maintenance [6]. 
However, most existing Species Distribution Models (SDMs) focus primarily on the ‘spe-
cies’ level. While this single-species approach reveals individual physiological tolerances, 
it often overlooks the fact that forest vegetation responds to climate change as an inte-
grated community. In phytosociology and ecology, a ‘formation’ (vegetation type) is a 
macro-ecological unit representing a climax or sub-climax community with consistent 
dominant species and similar physiognomy [7,8]. Compared with species, formations can 
more accurately reflect the holistic adaptation strategies and structural niche characteris-
tics of a plant community in a specific habitat. Therefore, shifting the analytical unit from 
‘species’ to ‘formation’ and evaluating the differences among different formations within 
the same genus provides a critical yet missing perspective in current SDM research. This 
‘formation comparison’ approach constitutes the core incremental contribution of our 
study. Birch forest is an important part of forest vegetation in cold temperate zone, tem-
perate zone and mountainous areas of China, and plays an irreplaceable role in commu-
nity succession, soil and water conservation and regional ecological security maintenance 
[9,10]. Compared with the study of single species distribution, the spatial analysis of veg-
etation types (formations) can more accurately reflect the environmental adaptation strat-
egies and niche characteristics at the community level. As three typical types of birch for-
ests in China, Birch betulaeformis forest, Betula albo-sinensis forest and Betula ermanii elfin 
forest occupy different geographical units, climatic backgrounds and topographic posi-
tions. Most of the existing studies focus on the distribution evolution or stress resistance 
physiology of Betula plants such as single Betula platyphylla forest [11,12], and there has 
been no systematic comparison of the environmental driving mechanism and climate 
change responses of different Betula forest vegetation types at the macro scale. The ab-
sence of this perspective limits our in-depth understanding of the type-specific responses 
of this widespread group of birch forests to climate stress. 

Species distribution models (SDMs) provide a core tool for quantifying the relation-
ship between vegetation distribution and environmental factors. Among them, the 
MaxEnt model is widely used due to its good adaptability to ‘Presence-only‘ data and 
high prediction accuracy [13]. Given that MaxEnt with default parameter settings is prone 
to overfitting and can reduce spatial migration ability, in recent years, combining MaxEnt 
with ENMeval tuning parameters has become a standard paradigm to improve model 
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robustness [14]. Based on this, this paper selects the birch forest, red birch forest and birch 
dwarf forest as the research object, and uses the optimized MaxEnt model to address the 
following core questions: (1) What are the differences in the potential suitable patterns 
and dominant driving factors of the three typical birch forests in the current environment 
? (2) In the future climate scenarios, do their suitable area evolution and centroid migra-
tion trajectories show different ecological response strategies? This study aims to reveal 
the differential response mechanism of birch forests to climate change through a compar-
ison of forest types and to provide scientific support for the formulation of targeted forest 
conservation and adaptive management strategies. 

Clarifying differentiated climate responses of mountain birch vegetation is critical for 
sustainable forest resource management, biodiversity protection and fulfillment of global 
sustainable development targets defined by SDG15. This research fills the research gap at 
vegetation formation level and supplies scientific support for sustainable conservation of 
mountain forest ecosystems under ongoing climate disturbance. 

2. Materials and Methods 
2.1. Study Objects and Vegetation Classification 

We selected three representative birch forest vegetation types in China: Betula utilis 
forest, Betula albosinensis forest, and Betula ermanii krummholz. The vegetation types used 
in this study were derived from the Vegetation Atlas of China and represent community-
level vegetation classifications rather than pure species distributions. In these vegetation 
types, Betula utilis, Betula albosinensis, and Betula ermanii are the dominant species, alt-
hough associated tree species may also occur within the stands [12–16]. 

Ecologically, Betula utilis forest is mainly distributed in the Qinling Mountains and 
adjacent high-elevation areas, commonly occurring in montane or subalpine forest belts 
at elevations of approximately 2450–3050 m. It usually forms relatively concentrated 
mountain forest patches and often occurs together with subalpine coniferous forests. Bet-
ula albosinensis forest has the broadest distribution among the three types and is mainly 
found in the Longdong region, Qinling Mountains, and Daba Mountains, generally at el-
evations of 2200–2800 m (Table 1). It represents a typical montane broadleaved forest type 
with a comparatively wide ecological niche. In contrast, Betula ermanii krummholz is re-
stricted to alpine timberline environments in Northeast China, especially in the Ying’er-
ling–Weihu Ling–Longgang Mountain region, where it is mainly distributed at elevations 
of 1800–2100 m. Owing to long-term exposure to low temperature, strong wind, and harsh 
alpine conditions, this vegetation type typically shows dwarf and shrub-like growth 
forms. 

Table 1. Ecological Characteristics and Sampling Site Information for Three Types of Birch Forests. 

Vegetation Type Main Distribution Areas Province 
Elevation 
Range (m) 

Number of Thinning 
Sampling Sites 

Birch forests Qinling Mountains region Shaanxi, Gansu, etc. 2450–3050 137 

Red birch forests 
Longdong, Qinling, Daba 
Mountains, etc. 

Gansu, Shaanxi, Si-
chuan, etc. 

2200–2800 3529 

Dwarf mountain 
birch groves 

Ying’erling–Weihu Ling–
Longgang Mountain 

Jilin, Heilongjiang 1800–2100 6 

2.2. Occurrence Data Sourcing and Processing 

The datasets used in this study included vegetation distribution records, administra-
tive boundary data, current and future climatic variables, topographic data, soil data, hu-
man disturbance data, and land-use data (Table 2). Administrative boundary data of 
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China were obtained from the Resource and Environment Science and Data Center, Chi-
nese Academy of Sciences (RESDC; https://www.resdc.cn, accessed on 5 April 2025). Dis-
tribution records of three types of birch forest were extracted from the Vegetation Atlas 
of China at a scale of 1:1,000,000, published by Science Press in 2001 [17]. It should be 
noted that the vegetation data used in this study were derived from the Vegetation Atlas 
of China (1:1,000,000), which is based on historical vegetation surveys and may contain 
uncertainties related to spatial resolution and temporal changes caused by climate change 
and human activities. However, since this study focused on large-scale distribution pat-
terns and climate responses at the national scale, the dataset remains suitable for macroe-
cological analysis. Current bioclimatic variables and elevation data were downloaded 
from the WorldClim database, while soil data were obtained from the Harmonized World 
Soil Database (HWSD). Human activity intensity was represented by the human footprint 
dataset obtained from the Socioeconomic Data and Applications Center (SEDAC). Land-
use data, including the baseline year of 2020 and projected land-use patterns for 2050 and 
2090 under SSP126, SSP370, and SSP585 scenarios, were derived from Zhang et al. (2023) 
[18]. Future climate projections were obtained from the BCC-CSM2-MR model under the 
CMIP6 framework. 

All spatial datasets were projected to the WGS 84 coordinate system and resampled 
to a consistent spatial resolution before model construction. The vegetation distribution 
records were checked to remove duplicate, erroneous, and spatially ambiguous records. 
To reduce the influence of spatial autocorrelation and sampling bias, occurrence records 
were spatially thinned using a 5 km × 5 km grid. Only one occurrence record was retained 
within each grid cell. After filtering, the final occurrence dataset was used for MaxEnt 
model construction and subsequent spatial analysis. 

Table 2. Data sources used in this study. 

Data Type Data Content Source 
Acquisition 
Date/Period 

Boundary data Administrative boundary of China RESDC 5 April 2025 

Occurrence data 
Distribution records of three types of 

birch forest 
Vegetation Atlas of China, Sci-

ence Press, 2001 [17] 
— 

Current climate and 
elevation 

Bioclimatic variables and DEM WorldClim 5 April 2025 

Soil data Soil moisture/soil attributes HWSD 5 April 2025 
Human activity Human footprint index SEDAC 5 April 2025 

Land use 
2020 baseline and 2050/2090 SSP126, 

SSP370, SSP585 projections 
Zhang et al. (2023) [18] — 

Future climate CMIP6 BCC-CSM2-MR projections WorldClim/CMIP6 — 

2.3. Environmental Variables and Multicollinearity Screening 

An initial set of environmental variables was compiled to characterize the climatic, 
topographic, edaphic, anthropogenic, and land-use conditions influencing the potential 
distribution of the target vegetation type. Climatic predictors included 19 bioclimatic var-
iables representing temperature and precipitation conditions. Topographic predictors in-
cluded elevation, slope, and aspect. Soil conditions were represented by soil moisture, and 
anthropogenic disturbance was represented by the human footprint index. Land-use var-
iables were incorporated to reflect the potential effects of land-cover change on habitat 
suitability under current and future scenarios. Finally, 19 environmental variables were 
retained for model construction, including six temperature variables, eight precipitation 
variables, three topographic variables, one soil variable, and one human-disturbance var-
iable (Table 3). 
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Table 3. Environmental variables retained for MaxEnt modeling. 

Category Code Environmental Variable Unit 

Temperature Bio1 Annual mean temperature °C 

Temperature Bio4 Temperature seasonality – 

Temperature Bio6 Min temperature of coldest month °C 

Temperature Bio7 Temperature annual range °C 

Temperature Bio9 Mean temperature of driest quarter °C 

Temperature Bio10 Mean temperature of warmest quarter °C 

Precipitation Bio12 Annual precipitation mm 

Precipitation Bio13 Precipitation of wettest month mm 

Precipitation Bio14 Precipitation of driest month mm 

Precipitation Bio15 Precipitation seasonality – 

Precipitation Bio16 Precipitation of wettest quarter mm 

Precipitation Bio17 Precipitation of driest quarter mm 

Precipitation Bio18 Precipitation of warmest quarter mm 

Precipitation Bio19 Precipitation of coldest quarter mm 

Topography DEM Elevation m 

Topography Slope Slope ° 

Topography Aspect Aspect ° 

Soil SM Soil moisture – 
Human disturb-

ance 
HFP Human footprint – 

To reduce multicollinearity among predictors, Pearson correlation analysis was per-
formed based on environmental values extracted from the occurrence records. When the 
absolute value of the correlation coefficient between two variables exceeded 0.8, only the 
variable with clearer ecological interpretation and stronger preliminary explanatory 
power was retained. The Pearson correlation coefficient 𝑟𝑟𝑖𝑖𝑖𝑖  was calculated as: 

𝑟𝑟𝑖𝑖𝑖𝑖 =
� (𝑛𝑛

𝑘𝑘=1 𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥𝑥𝚤𝚤¯ )(𝑥𝑥𝑗𝑗𝑗𝑗 − 𝑥𝑥𝚥̄𝚥)

�� (𝑛𝑛
𝑘𝑘=1 𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥𝑥𝚤𝚤¯ )2�� (𝑛𝑛

𝑘𝑘=1 𝑥𝑥𝑗𝑗𝑗𝑗 − 𝑥𝑥𝚥̄𝚥)2
  

where 𝑥𝑥𝑖𝑖𝑖𝑖 and 𝑥𝑥𝑗𝑗𝑗𝑗 represent the values of variables 𝑖𝑖 and 𝑗𝑗 at the 𝑘𝑘 sample point. 
The final set of variables was then used as input predictors for MaxEnt model con-

struction. 

2.4. MaxEnt Model Optimization and Evaluation 

MaxEnt modeling was performed using occurrence records and the selected environ-
mental variables. To reduce overfitting and improve model transferability, model com-
plexity was optimized using the ENMeval package (version 2.0.3). Regularization multi-
plier values were set from 0.5 to 4.0 at intervals of 0.5, and six feature-class combinations 
were tested, including linear (L), linear and quadratic (LQ), hinge (H), linear-quadratic-
hinge (LQH), linear-quadratic-hinge-product (LQHP), and linear-quadratic-hinge-prod-
uct-threshold (LQHPT). 
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A total of 54 parameter combinations were evaluated. The optimal parameter combi-
nation was selected according to the lowest corrected Akaike Information Criterion value, 
thereby balancing model goodness-of-fit and complexity [12–15]. AICc is defined as: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = −2ln(𝐿𝐿) + 2𝐾𝐾 +
2𝐾𝐾(𝐾𝐾 + 1)
𝑛𝑛 − 𝐾𝐾 − 1

  

where 𝐿𝐿 is the likelihood, 𝐾𝐾 is the number of parameters, and 𝑛𝑛 is the sample size. 
The optimized MaxEnt model was run using 10 bootstrap replicates. For each repli-

cate, 75% of the occurrence records were randomly selected for model training and the 
remaining 25% were used for model testing. The model output format was set to logistic, 
which directly represents habitat suitability probability. The maximum number of itera-
tions was set to 500 or 1000 according to model convergence. Jackknife tests and response 
curves were generated to evaluate the relative importance of environmental variables and 
the ecological response relationships between suitability and key predictors. 

Model performance was evaluated using the Area Under the Receiver Operating 
Characteristic Curve (AUC), the True Skill Statistic (TSS), and the Omission Rate (OR). 
TSS and OR are calculated as: 

𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 − 1  

𝑂𝑂𝑂𝑂 =
𝐹𝐹𝐹𝐹

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
  

where 𝑇𝑇𝑇𝑇 and 𝐹𝐹𝐹𝐹 are true positive and false negative counts, respectively. 
Model performance was evaluated using multiple indicators, including the area un-

der the receiver operating characteristic curve, the true skill statistic, and the omission 
rate. The use of multiple metrics avoided relying solely on AUC and provided a more 
comprehensive assessment of model discrimination ability, threshold-dependent classifi-
cation performance, and prediction stability. 

2.5. Future Projection and Suitability-Area Classification 

The optimized MaxEnt model constructed under current environmental conditions 
was projected onto future climate and land-use scenarios to predict potential changes in 
habitat suitability. Future projections were conducted for the 2050s and 2090s under 
SSP126, SSP370, and SSP585 scenarios using the BCC-CSM2-MR climate model. To ensure 
comparability among periods and scenarios, the same environmental variable set, spatial 
resolution, and classification thresholds were used for both current and future predic-
tions. 

The logistic outputs of MaxEnt were imported into ArcGIS10.8 and classified into 
four suitability levels: unsuitable habitat, low-suitability habitat, moderate-suitability 
habitat, and high-suitability habitat. The thresholds were set as follows: unsuitable, 0–0.1; 
low suitability, 0.1–0.3; moderate suitability, 0.3–0.5; and high suitability, 0.5–1.0. The ar-
eas of different suitability classes were calculated for the current period and each future 
scenario. The rate of change in suitable habitat area was calculated as the percentage dif-
ference between future and current suitable areas relative to the current area. 

2.6. Spatial Dynamics, Centroid Migration and Elevational Shift Analysis 

To identify spatial changes in suitable habitats under future climate and land-use 
scenarios, binary overlay analysis was conducted between the current and future suitabil-
ity maps. Areas with suitability values above the defined threshold were classified as suit-
able, whereas areas below the threshold were classified as unsuitable. By overlaying cur-
rent and future binary maps, suitable habitats were divided into three types: gain areas, 
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stable areas, and loss areas. Gain areas referred to regions that were unsuitable under cur-
rent conditions but became suitable in the future; stable areas referred to regions that re-
mained suitable across both periods; and loss areas referred to regions that were suitable 
under current conditions but became unsuitable in the future. 

The centroid migration of suitable habitats was analyzed using the Mean Center 
Method. Suitable habitat rasters were converted into spatial objects, and the geometric 
centroid coordinates were calculated for the current period and each future scenario. The 
direction and distance of centroid shifts were then used to characterize the horizontal mi-
gration trajectory of suitable habitats under future environmental change. 

To further assess vertical redistribution, high-suitability areas were overlaid with 
DEM data. Elevation values within high-suitability zones were extracted, and the mean 
elevation, elevation range, and area distribution across elevation bands were calculated. 
Changes in the elevation distribution of high-suitability habitats were used to determine 
whether the potential suitable range exhibited upward, downward, or relatively stable 
vertical shifts. 

By combining gain-stable-loss analysis, centroid migration, and elevational redistri-
bution, this study quantified both horizontal and vertical components of habitat reorgan-
ization, thereby providing a spatial basis for interpreting the response mechanisms of the 
target vegetation type under climate change. The map in this paper adopts the official 
standard cartographic stance of China, presenting China’s complete territorial scope that 
includes Taiwan Island, all South China Sea islands and the full ten-segment dashed line, 
which fully demonstrates China’s indisputable sovereignty over all its land and maritime 
territories. 

3. Results 
Based on the optimized MaxEnt model, this study conducted a comparative analysis 

of Betula utilis forest, Betula albosinensis forest, and Betula ermanii krummholz across six 
aspects: sample size and model optimization results, current distribution patterns, key 
environmental factors, response curves, future habitat changes, and centroid migration. 
Overall, despite belonging to the same birch vegetation type, the three forests show 
marked differences in their suitability patterns. This indicates that there is no unified suit-
ability control pattern across different birch forest types; rather, they exhibit strong type-
specific characteristics. 

3.1. Sampling Points and Model Optimization Results 

Sampling Points and Model Optimization Results Distribution information for the 
three birch forest vegetation types was extracted from China’s vegetation patch data and 
associated vegetation atlas records. After spatial thinning to a uniform resolution, the 
numbers of occurrence points used for model construction were 137 for Betula utilis forest, 
3529 for Betula albosinensis forest, and 6 for Betula ermanii krummholz, respectively. 

Model complexity and fitting performance varied markedly among different combi-
nations of regularization multiplier (RM) and feature class (FC) (Figure 1). The low-ΔAICc 
region was mainly concentrated under moderate RM settings. Combined with the optimi-
zation results, the optimal parameter combinations determined by ENMeval for Betula 
utilis forest, Betula albosinensis forest, and Betula ermanii krummholz were LQH-1.5, 
LQHPT-2.0, and L-1.0, respectively. 

Specifically, for Betula ermanii krummholz, the evaluation of the 54 parameter com-
binations revealed that complex feature classes (e.g., LQH, LQHPT) universally produced 
excessively high ΔAICc values. This was due to the heavy AICc penalty imposed on 
model complexity under the extreme small sample size (n = 6). The L-1.0 combination 
achieved the absolute lowest AICc score (ΔAICc = 0). Notably, all candidate models falling 
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within the high-confidence interval (ΔAICc < 2) exclusively utilized linear (L) features. 
This strictly validates that L-1.0 is mathematically the most parsimonious and statistically 
supported choice among all combinations for this specific vegetation type. 

 

Figure 1. ENMeval parameter optimization results. 

3.2. Current Suitable Distribution Patterns and Their Spatial Variations 

The current suitable distribution patterns of the three birch forest vegetation types 
showed clear spatial differentiation across China. Betula utilis forest was mainly concen-
trated in the Qinling Mountains, with a relatively compact and clustered distribution pat-
tern. Betula albosinensis forest occupied a much broader spatial range, extending across the 
Longdong region, Qinling Mountains, and Daba Mountains, and therefore represented a 
typical widespread montane expansion type. In contrast, Betula ermanii krummholz was 
mainly restricted to high-altitude areas in Northeast China and exhibited the narrowest 
suitable range and the strongest local concentration. These differences in present-day dis-
tribution provided a clear empirical basis for further analysis of niche differentiation and 
future spatial responses under climate change. 

As shown in Figure 2, the current suitable pattern of Betula utilis forest was charac-
terized by obvious montane clustering, with core suitable areas centered on the Qinling 
Mountains. This suggests that the species is strongly associated with specific mountain 
environments and has a relatively concentrated ecological niche. The suitable areas of Bet-
ula albosinensis forest were more widely distributed and displayed stronger regional con-
tinuity, indicating a broader environmental tolerance and a larger suitable niche space. By 
contrast, the suitable distribution of Betula ermanii krummholz was strongly constrained 
by alpine conditions in Northeast China, and its suitable habitat was confined to a limited 
high-elevation range near the timberline, reflecting the typical characteristics of a cold-
limited and altitude-restricted vegetation type [12–16]. 
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Figure 2. Current potential suitable distribution patterns of the three birch forest vegetation types 
in China: (a) Betula utilis forest; (b) Betula albosinensis forest; (c) Betula ermanii krummholz. 

Overall, the three birch forest vegetation types occupied clearly differentiated posi-
tions within China’s mountain eco-geographical pattern. Betula utilis forest tended to rep-
resent a concentrated montane distribution type, Betula albosinensis forest corresponded 
to a broad montane expansion type, and Betula ermanii krummholz represented a high-
altitude or high-latitude cold-habitat-limited type. This current spatial divergence indi-
cates that, even within the same genus, different birch forest vegetation types are subject 
to substantially different environmental constraints and adaptive strategies. Such differ-
ences are also likely to shape their contrasting responses to future climate change. 

3.3. Key Environmental Factors and Their Driving Roles 

Figures 3 and 4 show that the dominant environmental factors for the three types of 
birch forests are not consistent. Variable contribution rates and jackknife test results indi-
cate that the environmental factors influencing the suitable distribution of the three types 
of birch forests are generally dominated by climatic factors, with topographic factors play-
ing an important synergistic role in some types, while soil factors and anthropogenic dis-
turbance factors primarily manifest as local moderating effects. Previous studies have 
shown that temperature, precipitation, and elevation are typically the primary factors de-
termining plant suitability patterns, although the combinations of dominant factors vary 
among different vegetation types. Previous studies have shown that temperature, precip-
itation, and elevation are typically the primary factors determining plant suitability pat-
terns, although the combinations of dominant factors vary among different vegetation 
types. 

Examining the relative relationships among the three sub-figures: for the left-hand 
type, the high-contribution variables are primarily precipitation-related factors and DEM, 
suggesting that this type is more sensitive to regional moisture conditions and topo-
graphic background; the high-contribution variables for the middle type are more con-
centrated on temperature factors and DEM, indicating that its suitability pattern is pri-
marily controlled by thermal conditions and simultaneously reinforced by mountainous 
topography; the high-altitude type on the right exhibits higher contributions from DEM 
and low-temperature-related factors, suggesting that its distribution is more strongly de-
pendent on high-altitude, cool environments. The Jackknife test further indicates that 
when certain key variables are used individually, they provide significant training gains; 
however, when these variables are removed, the model’s performance drops markedly, 
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suggesting that they not only have high contribution but also possess strong independent 
explanatory power. 

 

Figure 3. Comparison of environmental variable contribution rates. 

 

Figure 4. Jackknife test plot. 

From an ecological perspective, this result implies that the three types of birch forests 
are not controlled by the same set of environmental factors in the same way. For the type 
centered on the Qinling Mountains, the combined influence of water and heat conditions 
and topographic constraints is more pronounced; for the type with a broader distribution 
range, temperature and precipitation jointly shape its wider suitable range; whereas for 
the northeastern alpine dwarf birch forest, the importance of altitude and low-tempera-
ture factors is more prominent, which aligns with its actual distribution characteristics 
near the tree line in a high-altitude, cold, and windy environment. 

3.4. Response Curves and Ecological Niche Differentiation Characteristics 

To further elucidate the adaptive ranges of the three types of birch forests to domi-
nant environmental factors, this study combines response curve analysis to determine the 
suitability thresholds of key variables and compares the niche differences among the dif-
ferent types along temperature, moisture, and elevation gradients. Following common 
practices in the recent literature, environmental intervals where the probability of suita-
bility is greater than or equal to 0.5 are considered the relative suitability range, and the 
suitability thresholds of key variables are extracted based on this. 

Figure 5 further illustrates the niche differences among the three types of birch forests 
along key environmental gradients. First, on the annual mean temperature (Bio1) re-
sponse curve, one type exhibits a peak clearly shifted toward the low-temperature zone, 
with the optimal range roughly located around 0–2 °C; the other two types, however, 
reach a higher occurrence probability around 9–10 °C. This indicates a distinct stratifica-
tion in heat requirements among the three types of birch forests. The type with the lowest 
optimal temperature corresponds to the alpine cold-adapted type, namely the dwarf birch 
forest, while the other two types are better adapted to the milder environments of the mid-
mountain or subalpine zones. 
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Figure 5. Response Curves of Key Environmental Factors for Different Birch Forest Vegetation 
Types. 

Second, on the annual precipitation (Bio12) response curve, there are significant dif-
ferences in the width of the curves among the different types. Some types exhibit a distinct 
peak around 600–800 mm, indicating a clearly defined suitable range for moist conditions; 
others have flatter curves and a broader suitable range, suggesting greater tolerance to 
moisture conditions. From this perspective, red birch forests are more likely to exhibit a 
wider moisture niche, whereas types with more concentrated distributions and stronger 
dependence on mountainous terrain often have a more concentrated suitable range for 
precipitation. 

Third, vertical differentiation among the three types is even more pronounced in the 
response curves for the coldest monthly minimum temperature (Bio6) and DEM. In Figure 
5, one type exhibits its strongest peak near a DEM of approximately 2000 m and demon-
strates greater tolerance for colder conditions, which is highly consistent with the high-
altitude, cold-adapted characteristics of dwarf mountain birch forests; the other two types 
exhibit lower elevation peaks, indicating that they primarily correspond to the mid-moun-
tain or subalpine zones, rather than the upper limit of the tree line. In other words, Figure 
5 effectively illustrates the ecological niche differentiation among the three birch forest 
types: one type favors low temperatures and high elevations, another favors moderate 
temperatures with a wider range of moisture tolerance, and the third is characterized by 
moderate heat and specific mountainous environments acting as co-determinants. 

3.5. Changes in Suitable Habitats Under Future Climate Change Scenarios 

Figure 6 shows that the changes in suitable habitats for the three types of birch forests 
under future climate scenarios do not simply involve overall expansion or contraction, 
but rather exhibit a common pattern characterized by “stable zones as the main compo-
nent, with concurrent increases and decreases at the edges.” Regardless of the specific 
type, stable zones still account for a large proportion overall, indicating that existing core 
suitable areas will not completely disappear in the future; however, in the peripheral 
zones of suitable areas, both gain and loss zones coexist, suggesting that the future pattern 
of birch forests will undergo significant spatial reorganization. 
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Figure 6. Map of suitable habitat changes under future scenarios. 

As shown in the left sub-figure of Figure 6, the future gain for this type is significantly 
greater than the loss; the figure directly presents the change data as a gain of +15.3% and 
a loss of −5.1%, indicating an overall expansion trend. The bar chart for the middle type 
shows that high-suitability zones gradually increase from the 2050s to the 2090s, suggest-
ing that its suitable range may continue to expand in the future; Although the right-hand 
type also exhibits an overall expansion trend, the changes in gain and loss are more con-
centrated in the peripheral zones, and the spatial adjustment characteristics are more pro-
nounced than the overall expansion. In other words, the response patterns of the three 
types of birch forests to future climate change are not entirely consistent: some are char-
acterized by peripheral expansion, others by the strengthening of high-suitability zones, 
and still others by localized restructuring based on a stable core area. 

3.6. Characteristics of Center-of-Mass Shift and Their Ecological Implications 

Analysis of center-of-mass shifts indicates (Figure 7) that all three types of birch for-
ests undergo shifts of varying degrees under future climate scenarios, but the directions 
and patterns of these shifts are not consistent. Overall, all three types exhibit a certain 
trend toward shifting toward higher latitudes or northeastward. This indicates that, under 
future climate change, the potential centers of suitability for China’s typical birch forest 
vegetation types are not static but rather undergo a distinct process of regional redistri-
bution. 

Differences in migration direction and distance among the types suggest that their 
spatial adaptation strategies to future climate change are not identical. Types with larger 
shifts indicate that their current centers of suitability are more strongly affected by climate 
change and may undergo significant regional reorganization in the future; types with 
smaller shifts suggest that their core distribution areas will remain relatively stable for a 
certain period. If the cow-bark birch or red birch forests primarily exhibit horizontal shifts 
in the future, this suggests they may maintain their suitable habitats through spatial ad-
justments at the regional scale; if dwarf birch forests exhibit a more pronounced tendency 
to concentrate at higher elevations, this reflects a stronger vertical migration tendency. 
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Figure 7. Trajectory of center-of-mass shift. 

Centroid migration trajectories of the three birch forest vegetation types under future 
climate scenarios. Colored arrows indicate the direction and magnitude of centroid shifts 
from the current distribution to future periods. Red arrows represent Betula utilis forest, 
green arrows represent Betula albosinensis forest, and blue arrows represent Betula ermanii 
krummholz. Dots indicate centroid locations under different SSP climate scenarios, and 
“Current” denotes the centroid of the present suitable distribution. 

Combining these findings with the results on changes in the elevation of suitable 
habitats reveals that if the average suitable elevation of dwarf birch forests continues to 
rise, it implies that their suitable centers are shifting upward to higher mountainous areas. 
For alpine vegetation, while this upward shift may help maintain cool habitats in the short 
term, it also implies that these species may face the problem of “limited space at the alpine 
summit” in the future—that is, there is limited space for the suitable habitat zone to shift 
further upward, posing a potential risk of having “nowhere to retreat.” In contrast, if red 
birch and cowhide birch forests retain some room for horizontal expansion, their future 
adaptive capacity may be relatively stronger. 

From an ecological perspective, the shift in the center of gravity essentially reflects 
the reconfiguration of potential suitable habitats. This shift represents not only an adap-
tive adjustment by the three types of birch forests to future climate change but also sug-
gests that the spatial pattern of China’s mountainous birch forests may undergo signifi-
cant restructuring at the regional scale (Figure 8). The co-authored paper you provided 
also combines the discussion of future changes in suitable habitats with the shift in the 
center of gravity, thereby elevating “areal changes” to the level of “spatial restructuring.” 
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Figure 8. Trajectories of center-of-gravity shifts for different birch forest vegetation types under fu-
ture climate change scenarios. 

4. Discussion 
4.1. Ecological Differentiation Among Birch Forest Vegetation Types 

The results showed that the three birch forest vegetation types differed in current 
suitable distribution patterns, dominant environmental factors, and future spatial 
changes. This indicates that birch forests in China should not be treated as a single homo-
geneous vegetation group when assessing climate change responses. Instead, vegetation-
type-level analysis can reveal differences that may be obscured in species-level or genus-
level assessments [15]. 

The results of this study suggest that although the three birch forest types belong to 
the same genus, they are not controlled by the same set of environmental factors in a uni-
form manner, reflecting deep ecological niche differentiation [19]. The current spatial di-
vergence indicates that Betula utilis forest corresponds to a concentrated montane distri-
bution type strongly associated with specific mountain environments (such as the Qin ling 
Mountains) where water, heat, and topographic constraints jointly dictate its niche. Betula 
albosinensis forest represents a broad montane expansion type, indicating broader envi-
ronmental tolerance and a wider moisture and thermal niche space. By contrast, Betula 
ermanii krummholz represents a typical cold-limited and altitude-restricted vegetation 
type. Its dependence on high-altitude (e.g., >2000 m) and low-temperature environments 
aligns perfectly with its actual distribution near the alpine timberline, where harsh winds 
and extreme cold shape its characteristic dwarf morphology [20].  

Figure 5 effectively illustrates this ecological niche differentiation: one type favors 
low temperatures and high elevations, another favors moderate temperatures with broad 
moisture tolerance, and the third relies on specific mid-mountain topo-climates. 

4.2. Environmental Controls and Niche Differentiation 

The contribution rates, Jackknife results, and response curves showed that climatic 
variables were the main determinants of habitat suitability for the three birch forest types. 
However, the dominant variables differed among types, suggesting that their suitable 
habitats are controlled by different combinations of temperature, precipitation, and eleva-
tion. 
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For Betula utilis forest, precipitation-related variables and elevation contributed 
strongly to model prediction, indicating that its suitable distribution is influenced by both 
moisture conditions and mountain topography [21]. 

For Betula utilis forest, precipitation-related variables and elevation contributed 
strongly to model prediction, indicating that its suitable distribution is influenced by both 
moisture conditions and mountain topography [22]. For Betula ermanii krummholz, the 
high contribution of elevation and low-temperature-related variables is consistent with its 
distribution near alpine timberline environments [23]. 

For Betula albosinensis forest, the combined contribution of temperature, precipita-
tion, and elevation reflects its broad montane distribution. For Betula ermanii krummholz, 
the high contribution of elevation and low-temperature-related variables is consistent 
with its distribution near alpine timberline environments [18]. 

This pattern is consistent with previous studies showing that temperature, precipita-
tion, and elevation are key factors shaping the distribution of forest vegetation. However, 
the present study further shows that the relative importance and combination of these 
factors differ among birch forest vegetation types [24]. Therefore, the ecological response 
of birch forests to climate change should be understood from the perspective of vegeta-
tion-type-specific niche differentiation rather than as a uniform response of the genus Bet-
ula. 

Type-specific Responses and Spatial Restructuring under Climate Change (Delete 
this section.) Under future climate change scenarios, the potential centers of suitability for 
China’s typical birch forest vegetation types are not simply expanding or shrinking uni-
formly, but undergoing distinct regional spatial restructuring [25]. The differences in mi-
gration direction and distance suggest highly type-specific spatial adaptation strategies. 
Betula albosinensis and Betula utilis forests mainly demonstrate horizontal expansions and 
regional spatial adjustments. Their shift trajectories suggest that they may maintain or 
even expand their suitable habitats through spatial expansion toward higher latitudes or 
northeastward regions [26]. Conversely, Betula ermanii krummholz exhibits a pronounced 
tendency to shift toward higher elevations, reflecting a strong vertical migration strategy. 
For alpine-restricted vegetation, while this upward shift may temporarily help track re-
quired cool habitats, it implies a critical ecological risk: “mountain-top extinction”. As the 
suitable habitat zone is forced further upward, the physical landmass available at moun-
tain summits diminishes [19]. Eventually, this species faces the danger of having nowhere 
to retreat as its extreme-cold niche disappears from the landscape. 

4.3. Type-Specific Responses to Future Climate Change 

Under future climate change scenarios, the potential centers of suitability for China’s 
typical birch forest vegetation types are not simply expanding or shrinking uniformly, but 
undergoing distinct regional spatial restructuring [27]. 

The future projections showed that changes in suitable habitat area, spatial stability, 
and centroid migration differed among the three birch forest types. This result suggests 
that climate change will not produce a single distributional response pattern for birch for-
ests in China. Instead, each vegetation type shows a specific pattern of spatial adjustment. 

The differential distribution responses of the three birch forest vegetation types may 
also be associated with their ecological adaptation strategies and functional characteris-
tics. Betula ermanii krummholz is mainly distributed in high-elevation and cold habitats 
and may exhibit more conservative resource-use strategies and stronger dependence on 
low-temperature environments, resulting in lower spatial adjustment capacity under fu-
ture climate change. In contrast, Betula utilis forest and Betula albosinensis forest may pos-
sess relatively greater ecological flexibility and resource acquisition capacity, which could 
contribute to their broader potential distribution shifts under future climate scenarios. 
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For Betula utilis forest and Betula albosinensis forest, future changes were mainly ex-
pressed as regional spatial adjustment and partial expansion of suitable habitats [19]. 
Their centroid shifts indicate that these two vegetation types may track future environ-
mental changes through horizontal redistribution across montane regions. By contrast, 
Betula ermanii krummholz showed a stronger association with high-elevation cold habitats 
[24]. If future high-suitability areas become increasingly concentrated at higher elevations, 
this type may face greater spatial restriction than the other two birch forest types. 

For Betula ermanii krummholz, the high contribution of elevation and low-tempera-
ture-related variables is consistent with its distribution near alpine timberline environ-
ments [23]. 

The comparison between horizontal centroid migration and elevational redistribu-
tion is important for understanding the spatial response mechanisms of montane vegeta-
tion. Horizontal shifts reflect changes in the geographic center of suitable habitats, 
whereas elevational changes reflect redistribution along vertical environmental gradients 
[28]. The combination of these two analyses provides a more complete basis for evaluating 
climate-driven changes in montane forest vegetation. 

It is necessary to acknowledge the limitations of this study, particularly regarding 
the dataset and model constraints for rare habitat types. Due to its highly restricted alpine 
habitat and naturally fragmented distribution, Betula ermanii krummholz only had 6 inde-
pendent occurrence records after rigorous spatial thinning [28]. We addressed this statis-
tically by explicitly restricting the MaxEnt model to the ENMeval-optimized L-1.0 param-
eter combination. 

While L-1.0 consistently ranked first among the 54 combinations (ΔAICc = 0), evalu-
ating parameter stability under such an extreme small-sample condition is critical. The 
exclusive reliance on linear features (FC = L) serves as a necessary “double-edged sword”. 
On one hand, it effectively prevents the model from fitting spurious environmental noise, 
thereby mitigating severe overfitting and providing the maximum mathematical stability 
achievable for this dataset. On the other hand, this strict simplification means the model 
inevitably under-represents complex, non-linear ecological responses. Consequently, 
while the L-1.0 setting guarantees theoretical reliability and prevents extreme prediction 
bias, its overall predictive robustness and parameter stability remain inherently lower 
than those of the other two widely distributed species [5,7]. Therefore, the future spatial 
modeling results for Betula ermanii krummholz should be interpreted cautiously as a mac-
roscopic indicator of ecological vulnerability and an upward contraction trend, rather 
than as precise quantitative geographic boundaries. 

For Betula ermanii krummholz, the projected concentration of suitable habitats in 
high-elevation cold environments should be interpreted as a tendency toward elevational 
range contraction rather than direct evidence of extinction. Elevational range contraction 
refers to the narrowing of the vertical distribution range when the lower elevational limit 
shifts upward faster than the upper elevational limit [29]. In montane systems, such con-
traction may be further constrained by limited land area at higher elevations, more 
broadly, the “escalator to extinction” mechanism. However, because the present study is 
based on habitat suitability modeling rather than long-term population monitoring, the 
results indicate potential spatial restriction and habitat compression, rather than con-
firmed mountaintop extinction. 

4.4. Conservation and Management Implications 

The spatial classification of gain, stable, and loss areas provides useful information 
for conservation planning. Stable suitable areas can be regarded as priority areas for in 
situ conservation and long-term monitoring because they represent habitats that remain 
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suitable under both current and future scenarios. Gain areas can be considered as poten-
tial regions for future habitat expansion, restoration planning, and ecological corridor con-
struction [4,5]. 

The spatial classification of gain, stable, and loss areas provides useful information 
for conservation planning. Stable suitable areas can be regarded as priority areas for in 
situ conservation and long-term monitoring because they represent habitats that remain 
suitable under both current and future scenarios. Gain areas can be considered as poten-
tial regions for future habitat expansion, restoration planning, and ecological corridor con-
struction [4,30]. Loss areas require attention because they indicate regions where habitat 
suitability may decline under future climate scenarios. 

Differentiated management formulated in this study is conducive to improving the 
ecological resilience of mountain birch forests and realizing the sustainable utilization of 
forest resources, which is in line with the core requirements of SDG15 for protecting ter-
restrial biodiversity and maintaining sustainable forest ecosystems. 

Management strategies should differ among vegetation types. For Betula utilis forest 
and Betula albosinensis forest, conservation should focus on maintaining the connectivity 
between current core suitable areas and potential future gain areas. For Betula ermanii 
krummholz, more attention should be given to high-elevation suitable habitats and their 
spatial continuity [1,22,31]. Because this vegetation type is more restricted in distribution, 
monitoring of high-altitude habitats is particularly important for assessing future habitat 
changes. 

4.5. Limitations and Future Research 

This study has several limitations. It should also be noted that the occurrence sample 
sizes differed substantially among the three birch forest vegetation types, particularly for 
Betula ermanii krummholz [4,7,32,33], which had relatively few occurrence records. Alt-
hough previous studies have demonstrated that MaxEnt can maintain satisfactory predic-
tive performance under small-sample conditions, the limited number of records may still 
introduce uncertainty into model predictions. The small sample size may affect model 
stability and should be considered when interpreting its predicted suitable distribution. 
Future studies should improve occurrence records through field surveys, herbarium data, 
and high-resolution vegetation mapping. 

This study mainly used climatic, topographic, soil, human disturbance, and land-use 
variables to predict suitable habitats. However, species interactions, dispersal limitation, 
regeneration capacity, and disturbance history were not explicitly incorporated into the 
model. These factors may also influence the realized distribution of birch forest vegetation 
[34–37]. 

Future projections were based on selected climate scenarios and a single climate 
model. Although the selected model provides a consistent basis for comparison, future 
studies should incorporate multiple global climate models and compare uncertainty 
among models and scenarios [21,23,38]. In addition, combining species distribution mod-
els with landscape connectivity analysis, demographic models, or field validation would 
further improve the ecological interpretation of future habitat changes. 

5. Conclusions 
This study identified clear differences in the current suitable distribution patterns of 

the three birch forest vegetation types in China. Betula utilis forest was mainly concen-
trated in the Qinling Mountains, Betula albosinensis forest showed a broader montane dis-
tribution pattern, and Betula ermanii krummholz was restricted to high-altitude or high-
latitude cold habitats. These distribution patterns indicate distinct spatial differentiation 
among the three vegetation types. 
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The dominant environmental factors differed among the three birch forest types. Cli-
matic variables were the primary determinants of habitat suitability, while topographic 
factors, especially elevation, further contributed to the differentiation of suitable habitats. 
Response curves showed that the three vegetation types occupied different positions 
along temperature, precipitation, and elevation gradients, confirming niche differentia-
tion among typical birch forest vegetation types. 

Future projections revealed type-specific changes in suitable habitat area, spatial sta-
bility, and centroid migration. Betula utilis forest and Betula albosinensis forest mainly ex-
hibited regional spatial adjustment and partial expansion of suitable habitats, whereas 
Betula ermanii krummholz was more closely associated with high-elevation cold habitats 
and showed a more restricted potential for spatial adjustment. These results demonstrate 
that the responses of birch forest vegetation to climate change vary among vegetation 
types rather than following a uniform pattern. 

The research results provide practical decision-making data for the sustainable con-
servation of mountain birch forests and contribute to the realization of SDG15-related bi-
odiversity protection goals. The zoned conservation suggestions help reduce climate-in-
duced forest degradation and enhance the long-term sustainability and stability of mon-
tane forest ecosystems [17,27,39,40]. 

Stable suitable areas identified in this study can be regarded as priority areas for in 
situ conservation and long-term monitoring. Potential gain areas may serve as candidate 
regions for future habitat expansion and restoration planning. For alpine-restricted vege-
tation types such as Betula ermanii krummholz, conservation strategies should focus on 
high-elevation suitable habitats and their spatial connectivity. 
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