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Abstract
Background  As a species of considerable medicinal, ecological, and economic significance, the protection of 
C. songaricum and its host plants is of paramount importance. Biodiversity patterns and species distribution are 
profoundly influenced by climate change. Understanding the adaptive mechanisms of organisms in response to 
these changes is essential for effective species conservation. However, there is currently limited information available 
on simulating habitat suitability and assessing key environmental factors associated with parasite species using niche 
models.

Methods  This study utilized environmental and species distribution data to analyze the shifts in the geographic 
range of C. songaricum and its host plants under current and projected future climate scenarios using the Biomod2 
platform, which integrates multiple individual models into an ensemble framework. Additionally, the study quantified 
the environmental variables influencing the observed distribution patterns.

Results  The potential geographical distribution and overlapping areas of C. songaricum and its host plants are 
primarily concentrated in Asia and North America. Under all four scenarios within the two timeframes (2041–2060 and 
2061–2080), the overall suitable habitat areas for C. songaricum, Nitraria tangutorum Bobr., N. sphaerocarpa Maxim., 
and Peganum multisectum (Maxim.) Bobrov are expected to decrease compared with current climatic conditions. 
Conversely, the total area of suitable habitat for Kalidium foliatum (Pall.) Moq., Nitraria sibirica Pall., and Zygophyllum 
xanthoxylum (Bunge) Maxim. is predicted to increase. All species except K. foliatum will experience greater reductions 
between 2041 and 2060 than between 2061 and 2080 under more severe climate change scenarios. There is 
significant ecological niche overlap among C. songaricum, N. sphaerocarpa, N. tangutorum, and P. multisectum. Key 
factors influencing the future distribution of C. songaricum include the mean ultraviolet-B light of the lowest month, 
altitude, and annual mean temperature.

Conclusion  A comprehensive analysis demonstrated that the accuracy of predictions could be significantly 
enhanced and the distributional error for individual species could be minimized by employing the Biomod2 
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Introduction
Cynomorium songaricum Rupr., commonly known as 
the “elixir of youth,” is a monotypic species within the 
Cynomoriaceae family [1]. This fully parasitic seed plant 
predominantly attaches to the roots of various families, 
including Zygophyllaceae, Nitrariaceae, and Chenopo-
diaceae, and specifically genera such as Nitraria L., Pega-
num L., Kalidium Moq., and Sarcozygium Bunge [2]. It is 
renowned for its therapeutic functions in nourishing the 
kidney yang, enhancing essence and blood production, 
and promoting intestinal lubrication and bowel move-
ments. Research indicates that C. songaricum possesses 
significant medicinal value in cancer prevention and 
treatment, immune regulation, delay in aging, cardiovas-
cular disease management, and leukopenia therapy [3–5]. 
In Mongolian medicine, it is also utilized for alleviating 
diarrhoea, improving appetite, treating intestinal heat 
conditions, such as gastritis and indigestion, and treat-
ing dysentery [6–7]. Recently, functional health foods 
derived from C. songaricum have garnered considerable 
attention and popularity; examples include C. songari-
cum oil cake, polysaccharide chewable tablets of C. son-
garicum, and C. songaricum wine [8]. Consequently, as 
a dual-purpose food-medicinal plant, the demand for C. 
songaricum has been increasing. However, this height-
ened demand has led to the progressive depletion of wild 
C. songaricum resources due to detrimental harvesting 
practices and market pressures. Additionally, owing to 
their distinct physiological and morphological attributes 
and adaptability to desert ecosystems, C. songaricum 
and its host plants constitute the predominant species 
in arid zones. They play a vital role in safeguarding exist-
ing natural grasslands, averting desertification, reha-
bilitating vegetation, and enhancing the local ecological 
milieu [9]. Nevertheless, with the increasing exploitation 
and utilization value of C. songaricum, excessive extrac-
tion for personal gain has caused substantial damage to 
host plants, adversely affecting their reproductive rates 
and exacerbating soil erosion. This not only undermines 
the ecological environment but also compromises their 
intrinsic functions. In conclusion, the protection of wild 
C. songaricum and its host plant resources is urgently 
needed to ensure sustainable ecological balance and pre-
serve their medicinal and ecological significance.

Establishing conservation areas and conducting artifi-
cial cultivation are the two most prominent approaches 
for protecting C. songaricum and its host wild resources. 
One of the essential techniques in the conservation of 
wild resources, particularly for C. songaricum and its host 

plants, involves identifying suitable habitats based on 
species-specific responses to spatially distributed envi-
ronmental conditions [10]. The artificial cultivation of C. 
songaricum is influenced by topographical features, soil 
types, and climatic factors such as temperature, humid-
ity, and precipitation [11–12]. Additionally, wind direc-
tion is crucial, as high wind speeds can disperse seeds 
and seedlings over considerable distances. Moreover, 
biophysical characteristics, including soil deposition, 
hydrological responses, and drainage, play pivotal roles 
in determining habitat suitability for plant communities 
[13]. Microclimatic conditions are also regarded as criti-
cal determinants of suitable habitats. However, this task 
is challenging due to the overlapping resource require-
ments among different plant species within a community 
[14]. Therefore, identifying suitable habitats for C. son-
garicum and its host plants while understanding the pri-
mary factors influencing each species facilitates effective 
restoration and revegetation planning.

Species distribution modelling, or SDM, is a criti-
cal tool for investigating ecological concerns pertain-
ing to species and environments in the context of global 
change [15–16]. SDM is extensively employed in research 
regarding effects of climate change on species distribu-
tions and in protected area planning [17–23]. Numerous 
studies have employed SDM in research on wild medici-
nal resources for predicting the distribution of medicinal 
species and identifying conservation areas [24–26]. How-
ever, many studies that estimate changes in the ranges 
of medicinal species in China and neighboring regions 
in response to climate change have primarily focused on 
nonparasitic medicinal plants, such as unique or endan-
gered species [27–32]. To date, only a limited number of 
studies have addressed parasitic medicinal plants [33–
34]. As a holoparasitic species, C. songaricum derives all 
its nutrients from its host plants, with its entire growth 
and developmental processes occurring within the host’s 
root system [35–36]. Consequently, unlike nonparasitic 
plants, the distribution of parasitic species like C. songar-
icum is influenced not only by abiotic factors but also by 
host factors [33–34]. Previous studies have demonstrated 
that for holoparasitic plants, host factors are particularly 
significant, especially in species distribution modelling 
[33–34].

The predictive functions of algorithms (modelling 
techniques) that link occurrence data (dependent vari-
ables) to independent variables (environmental factors) 
may introduce uncertainties [37–39]. The selection of a 
modelling algorithm is a primary source of uncertainty 

ensemble model to simulate the suitable habitats of parasitic species. The findings of this study can significantly 
inform both the management of C. songaricum plantations and the conservation of C. songaricum and its host plants.
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in the performance and spatial predictions of species dis-
tribution models (SDMs), as different algorithms adopt 
varying approaches to the interactions between spe-
cies occurrence and environmental conditions. Given 
the multitude of available algorithms, each with distinct 
advantages, selecting the most suitable SDM algorithm 
poses a significant challenge [40–43]. Consequently, it is 
crucial to identify which modelling technique performs 
optimally; employing an inappropriate method could 
lead to overestimations or inaccuracies in species distri-
bution predictions [42–45]. Currently, numerous distrib-
uted prediction models have been developed and applied. 
Among the most widely used niche models are maxi-
mum entropy (MaxEnt) [19], random forest (RF) [20], 
and generalized linear model (GLM) [21]. However, these 
models vary in their principles, assumptions, and algo-
rithms, leading to differences in predictive performance. 
Different modelling techniques for the same species can 
yield divergent results [46], and specific variations often 
exist between species [47]. An increasing number of 
researchers are working on integrating multiple models 
to mitigate the instability caused by different principal 
algorithms or variations in input data [25]. Biomod2, an 
integrated prediction platform for species distributions 
developed in R, comprehensively evaluates current spe-
cies distributions and integrates models with higher 
accuracy to predict future species distributions [48–49]. 
To date, the Biomod2 ensemble model has been utilized 
to forecast the probable geographic ranges of numerous 
species [50–53], but few studies have focused on pre-
dicting the potential geographical distributions of para-
sitic species. Therefore, studying the habitat suitability of 
parasitic species using the Biomod2 ensemble model is of 
utmost importance.

Using optimistic, intermediate, and pessimistic climate 
change scenarios, this study estimates changes in the 
potential ranges of C. songaricum and its hosts in China 
and the neighbouring countries of China for 2041–2060 
and 2061–2080. These species play important roles in 
desert ecosystems.

This study is the first to adopt the Biomod2 integrated 
modeling technology to screen and optimize the ecologi-
cal model, and systematically predict the potential suit-
able planting areas of C. songaricum and its host plants 
(such as N. tangutorum, N. sphaerocarpa, K. foliatum, 
N.sibirica, Z. xanthoxylum and P. multisectum) under cli-
mate change. The research objectives include: (1) Com-
paring the prediction accuracy of C. songaricum and its 
host plants based on the ten models provided by Bio-
mod2 (GLM, GBM, RF, etc.); (2) Predicting the potential 
geographical distribution of C. songaricum and its host 
plants under the current climate conditions, and classi-
fying the suitable areas (high, medium, and low suitable 
areas); (3) Determining the key environmental factors 

that limit the potential geographical distribution of C. 
songaricum and its host plants; (4) Quantifying the spa-
tiotemporal evolution characteristics of the suitable area 
range under climate scenarios from SSP1-2.6 to SSP5-8.5 
(2041–2060 and 2061–2080). By analyzing the impact 
mechanism of climate change on species distribution in 
different periods, the research results provide scientific 
basis for the introduction and cultivation of C. songari-
cum and its host plants, resource protection, and sustain-
able utilization, especially laying a theoretical foundation 
for the formulation of climate adaptation management 
strategies for parasitic plant ecosystems in arid areas.

Results
Model accuracy evaluation
The evaluation accuracy for ANN, CTA, FDA, GAM, 
GBM, GLM, MARS, MaxEnt, RF, and SRE was com-
puted. For C. songaricum and its host plants, the TSS 
values of RF, GBM, MaxEnt, MARS, and GLM exceeded 
0.80, AUC values exceeded 0.9, and KAPPA values 
exceeded 0.7 (Fig. 1). Consequently, an ensemble model 
(EM) was constructed using these five models, with the 
most accurate model being selected based on their per-
formance metrics. The EM achieved TSS values greater 
than 0.85, AUC values greater than 0.95, and KAPPA 
values greater than 0.75 for C. songaricum and its host 
plants. Therefore, the EM built using distinct high-pre-
cision models demonstrated higher fitting accuracy and 
lower fitting uncertainty. In other words, the predicted 
potential geographic distributions of C. songaricum and 
its hosts using the EM were highly reliable.

Current potential geographical distributions of C. 
songaricum and its host plants
The current potential geographic distributions of C. 
songaricum and its host plants, as estimated using EM, 
are shown in Fig.  2. The largest current suitable habitat 
area is that of C. songaricum, at 1710.91××104 km2, fol-
lowed by Nitraria sibirica (1670.03 × 104 km2), Kalidium 
foliatum (1635.82 × 104 km2), N. tanguticum (955.55 × 104 
km2), N. sphaerocarpa (807.36 × 104 km2), Zygophyllum 
xanthoxylum (665.00 × 104 km2) and Peganum multi-
sectum (657.01 × 104 km2) (Table S1). The potential geo-
graphic distribution of C. songaricum and its host plants 
is primarily centered in Asia. Highly suitable habitats 
for C. songaricum are mainly distributed in Asia (China, 
Mongolia) and North America (the United States) 
(Fig.  2A). Globally, the areas of highly suitable habitats 
for C. songaricum are approximately 372.70 × 104 km2 
(Table S1). China has the largest highly suitable habitat 
area for C. songaricum, followed by Mongolia and the 
United States (Table S1). Moderately suitable habitats 
for C. songaricum are primarily located around highly 
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suitable habitats, and cover an area of 604.18 × 104 km2 
worldwide (Fig. 2A, Table S1).

Highly suitable habitats for N. tangutorum are primar-
ily in Asia, with sporadic distributions in North America. 
The area of highly suitable habitat for N. tangutorum is 
approximately 280.20 × 104 km2. Spanning an area of 
344.95 × 104 km2 globally, the moderately suitable habi-
tats for N. tangutorum are predominantly located in 
proximity to highly suitable habitats (Fig. 2B, Table S1).

Highly suitable habitats for N. sphaerocarpa are pri-
marily in Asia, with sporadic distributions in North 
America. The areas of highly suitable habitats for N. 
sphaerocarpa are approximately 151.88 × 104 km2 world-
wide. Moderately suitable habitats for N. sphaerocarpa 
are mainly distributed around highly suitable habitats, 
which cover an area of 151.88 × 104 km2 km2 worldwide 
(Fig. 2C, Table S2).

Highly suitable habitats for N. sibirica are predomi-
nantly found in Asia, spanning an area of approximately 
393.47 × 104 km2 globally. These habitats are surrounded 
by moderately suitable areas, which cover a total of 
701.57 × 104 km2 worldwide (Fig. 2D, Table S1).

Highly suitable habitats for Peganum multisectum are 
primarily situated in Asia, with occasional occurrences in 
North America. The global extent of these highly suitable 
habitats is around 288.74 × 104 km2. Adjacent to these are 
the moderately suitable habitats, which collectively span 
an area of 316.77 × 104 km2 globally (Fig. 2E, Table S1).

Highly suitable habitats for Zygophyllum xanthoxylum 
are primarily found in Asia, with occasional distributions 
in North America. The global expanse of these highly 
suitable habitats is approximately 260.50 × 104 km2. Mod-
erately suitable habitats for Z. xanthoxylum are typically 
proximate to the highly suitable ones, covering a global 
area of 232.65 × 104 km2 (Fig. 2F, Table S1).

Fig. 1  Accuracy evaluation results of different models
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Highly suitable habitats for Kalidium foliatum are 
primarily found in Asia, with occasional occurrences 
in North America. These highly suitable habitats span 
an area of approximately 298.33 × 104 km2 globally. The 
moderately suitable habitats for K. foliatum are mainly 
situated adjacent to these areas and cover a total of 
595.86 × 104 km2 worldwide (Fig. 2G, Table S1).

Future potential geographical distributions of C. 
songaricum and its host plants
The potential geographical distributions of C. songari-
cum and its host plants under SSP126, SSP245, SSP370 
and SSP585 from 2041 to 2060 and 2061–2080 are shown 
in Fig. 3, 4, 5, 6, 7, respectively. For C. songaricum, com-
pared with the current climatic conditions, the overall 
area of suitable habitat is expected to decrease under all 
four scenarios across the two timeframes (2041–2060 and 
2061–2080) (Fig.  3). The most significant reduction in 
suitable habitat area is expected under SSP585 from 2061 
to 2080, followed by SSP370 in 2061–2080 and SSP585 in 
2041–2060 (Table S1). Suitable habitats are anticipated to 
decline in Asia (China, Türkiye, Iran, and Afghanistan) 
and North America (the United States) (Fig. 4). The areas 
with high and moderate suitability are predicted to be 
the largest under SSP370 from 2061 to 2080. Conversely, 
both the total and moderately suitable habitat areas are 
expected to be the smallest under SSP258 from 2061 to 

2080, while highly suitable habitat areas will be the least 
extensive under SSP245 during the same timeframe.

The total area of suitable habitat for K. foliatum is 
predicted to increase across all four scenarios during 
both 2041–2060 and 2061–2080. The area of expanded 
suitable habitat is projected to be greatest under SSP 
585 from 2061 to 2080, followed by SSP370 from 2041 
to 2060 and SSP245 from 2061 to 2080 (Fig. S1). Suit-
able habitats are expected to expand across Asia (China, 
Mongolia, Türkiye, and Kazakhstan) and North America 
(America) (Fig. S7). The total and moderately suitable 
habitat areas are projected to be greatest under SSP 585 
from 2061 to 2080, whereas the area of highly suitable 
habitat is expected to be greatest under SSP 370 from 
2041 to 2060. Conversely, the total and moderately suit-
able habitat areas are anticipated to be the smallest under 
SSP126 from 2061 to 2080 (Fig. S1, Table S1).

For N. sibirica, the total area of suitable habitat is 
expected to expand under all four scenarios in both 
2041–2060 and 2061–2080 compared with the current 
climatic conditions (Fig. S2). The area of expanded suit-
able habitat is projected to be greatest under SSP585 from 
2041 to 2060, followed by SSP370 and SSP245 during the 
same time. The number of suitable habitats is expected 
to increase across Asia (China and Türkiye) and North 
America (the United States) (Fig. S8). The total, high, 
and moderate suitability habitat areas are projected to 
be greatest under SSP585 from 2041 to 2060. Conversely, 

Fig. 2  Current geographical distributions of Cynomorium songaricum (A), Nitraria tanguticum (B), N.sphaerocarpa (C), N.sibirica (D), Peganum multisec-
tum (E), Zygophyllum xanthoxylon (F), and Kalidium foliatum (G) predicted using EM
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the total and highly suitable habitat areas are anticipated 
to be the smallest under SSP245 from 2061 to 2080, while 
the area of moderately suitable habitat is expected to be 
the least extensive under SSP370 from 2061 to 2080 (Fig. 
S2, Table S1).

For N. sphaerocarpa, the total area of suitable habitat 
is expected to decrease under all four scenarios in the 

both periods of 2041–2060 and 2061–2080 compared 
with the current climatic conditions (Fig. S3). The area 
of decreased suitable habitat is expected to be larg-
est under SSP126 in 2061–2080, followed by SSP126 in 
2041–2060. The number of suitable habitats is expected 
to decrease across Asia (China, Afghanistan, Iran, and 
Turkey) and North America (the United States) (Fig. S9). 

Fig. 4  Averaged projected climatic suitability for Cynomorium songaricum in two timelines: 2041-2060 and 2061-2080 under three scenarios: SSP126, 
SSP370, and SSP585. For each timeline and scenario, we averaged output and discretised it over a predicted probability threshold to obtain a binary map, 
and then we compared it with current climatic suitability. Blue area indicates persistence (overlap of current and projected climatic suitability), red – future 
range contraction, yellow – future range expansion, grey – absence (unsuitable in both current and projected)

 

Fig. 3  Averaged projected climatic suitability for Cynomorium songaricum in two timelines: 2041-60 and 2061-80 under four scenarios: SSP126, SSP245, 
SSP370, and SSP585
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The total, high, and moderate suitability habitat areas are 
projected to be greatest under SSP585 from 2041 to 2060. 
Conversely, the highly suitable habitat areas are expected 
to be the smallest under SSP 370 from 2061 to 2080, 
while the area of highly and moderately suitable habitat 
is expected to be the least extensive under SSP126 from 
2041 to 2060 (Fig. S3, Table S1).

For N. tanguticum, the total area of suitable habi-
tat is expected to contract under all four scenarios in 
both periods of 2041–2060 and 2061–2080 compared 
to the current climatic conditions (Fig. S4). The area of 
decreased suitable habitat is expected to be largest under 
SSP245 in 2061–2080, followed by SSP 370 and SSP585 
during the same time. Suitable habitats are projected to 

decline across Asia (including China, Afghanistan, Iran, 
and Turkey) and North America (the United States) (Fig. 
S10). The total suitable habitat area is projected to be 
greatest under SSP585 from 2041 to 2060, whereas the 
high- and moderate-suitability habitat areas are expected 
to be greatest under SSP370 from 2041 to 2060 and 
2061–2080, respectively. The total suitable habitat area 
would be the smallest under SSP245 from 2041 − 260, 
whereas the high- and moderate-suitability habitat areas 
would be the smallest under SSP370 from 2061 to 2080 
and SSP245 from 2041 to 2060, respectively.

With respect to P. multisectum, the total area of suit-
able habitat is anticipated to decline under all four sce-
narios during both 2041–2060 and 2061–2080 compared 

Fig. 6  Overlapping geographical distribution areas of the Cynomorium songaricum and its host plants. (A) Cynomorium songaricum +Nitraria 
tangutorum+N.sphaerocarpa+N.sibirica+Zygophyllum xanthoxylon+Peganum multisectum +Kalidium foliatum; (B) C. songaricum+ K. foliatum; (C) C. 
songaricum+ N.sphaerocarpa; (D) C. songaricum+ N. sibirica; (E) C. songaricum+ N. tangutorum; (F) C. songaricum+ P. multisectum; (G) C. songaricum+ 
Z. xanthoxylon

 

Fig. 5  Proportion of range shifts of studied species under four climate change scenarios and two timelines
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with the current climatic conditions (Fig. S5). The area 
of reduced suitable habitat is projected to be greatest 
under SSP585 during the period of 2061–2080, followed 
by SSP126 within the same time. The number of suit-
able habitats is expected to decrease across Asia (includ-
ing China, Afghanistan, Iran, and Turkey) and North 
America (the United States) (Fig. S11). The total area of 
suitable habitat is projected to be greatest under SSP126 
from 2041 to 2060, whereas the areas of high and moder-
ate suitability are expected to be greatest under SSP370 
and SSP126 from 2041 to 2060, respectively.

For Z. xanthoxylum, the total area of suitable habitat 
is expected to expand under all four scenarios during 
both 2041–2060 and 2061–2080 compared with the cur-
rent climatic conditions (Fig. S6). The area of expanded 
suitable habitat is projected to be greatest under SSP370 
from 2061 to 2080, followed by SSP370 and SSP585 from 

2041 to 2060. The number of suitable habitats is expected 
to increase across Asia (China and Mongolia) and North 
America (the United States) (Fig. S12). The high-suit-
ability habitat areas are projected to be greatest under 
SSP585 from 2041 to 2060. Conversely, the total and 
moderately suitable habitat areas are expected to be the 
smallest under SSP126 from 2061 to 2080, while the area 
of highly suitable habitat is expected to be the smallest 
under SSP585 from 2061 to 2080.

Range contraction and expansion
Each species, SSP scenario, and time period (2041–2060 
and 2061–2080) exhibit distinct percentage values for 
range contraction, expansion, and persistence (Fig.  5). 
In general, all species except K. foliatum are projected to 
experience greater declines between 2041 and 2060 com-
pared to the period from 2061 to 2080, particularly under 

Fig. 7  Importance of various environmental variables on Cynomorium songaricum and its host plants
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more severe climate change scenarios. Occupation values 
for the later period will be higher for all species except 
K. foliatum. For all species except K. foliatum, the extent 
of range expansion is similar between the two periods. 
However, K. foliatum is expected to acquire more suit-
able areas for colonization during 2061–2080 compared 
to 2041–2060.

The ecological niches of C. songaricum and its host plants
C. songaricum and K. foliatum exhibited the broad-
est ecological niches, as evidenced by their highest B1 
(0.2079 and 0.2344, respectively) and B2 (0.9293 and 
0.9290, respectively) values, whereas N. sphaerocarpa 
exhibited the narrowest niches, with B1 and B2 values 
of 0.0821 and 0.8826, respectively. Furthermore, under 
alternative climate scenarios, the B1 and B2 values for 
C. songaricum, N. sphaerocarpa, N. tangutorum, and P. 
multisectum were lower than those in the current period 
(Table S2).

A high degree of ecological niche overlap was observed 
between C. songaricum and N. sphaerocarpa, as well as 
between N. tangutorum and P. multisectum, as indicated 
by both the D (D > 0.65) and I (I > 0.8) indices (Table 1). 
While these four species may share certain ecological 
niches, they are not identical. Range coverage analysis 
revealed that C. songaricum and P. multisectum had the 
highest range coverage (0.8747), followed by Z. xanthoxy-
lon (0.7419) (Table 2), while C. songaricum and K. folia-
tum had the lowest range coverage (0.4457).

Overlapping geographical distribution areas of C. 
songaricum and its host plants under climate change
The geographical areas where C. songaricum and its host 
plants overlap are predominantly distributed in Asia 
and North America (Fig.  6), encompassing an area of 
approximately 421.71 × 104 km2. Among these, the over-
lap between C. songaricum and K. foliatum is the small-
est, whereas the overlaps between C. songaricum and N. 
tangutorum, N. sphaerocarpa, N. sibirica, Z. xanthoxylon, 
and P. multisectum are each approximately 710.40 × 104 
km2.

Impact of environmental variables on potential 
geographical distributions of C. songaricum and its host 
plants
Employing EM, the relative contributions of all environ-
mental variables were calculated, and an investigation 
was conducted into the factors influencing the potential 
geographic distributions of C. songaricum and its host 
plants. The mean contribution value of each environmen-
tal variable is presented in Fig. S13. The cumulative con-
tribution value of the ultraviolet-B factor was the highest 
for C. songaricum at 0.349437, whereas the cumula-
tive contribution values for the CSPR (the influence of Ta
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the host plant on parasitic organisms) were the high-
est for N. tangutorum, N. sphaerocarpa, Z. xanthoxylon 
and P. multisectum at 0.8954, 0.7268, 0.5192 and 0.8701, 
respectively. The mean ultraviolet-B of the lowest month 
(UVB4, 48.3%), altitude (elev, 21.8%), and annual mean 
temperature (bio1, 14.9%) were the three environmental 
factors associated with C. songaricum with the highest 
contribution values (Fig. 7A).

The response curve illustrated the quantitative rela-
tionship between the logistic probability of presence and 
the suitable ranges of environmental variables (Fig.  8). 
For habitats with appropriate conditions, a threshold of 
≥ 0.3 was selected for the main bioclimatic parameters, 
as plants thrive under these conditions. Specifically: 
- For C. songaricum, the suitable ranges were: UVB4: 
2.05–1400  J/m2/day, Elevation: 1116–2929  m, Bio1 
(Annual Mean Temperature): 7.86–19.25  °C (Fig.  8A-
C). For N. tangutorum, the suitable ranges were: Bio3 
(Isothermality): 2.18–4611.174  J/m2/day, Bio10 (Mean 
Temperature of Warmest Quarter): 11.1–28.3  °C 
(Fig.  8D-F). For N. sphaerocarpa, the suitable ranges 
were: Global-Aridity_ET0: 15887.27–18535.15, Bio10 
(Mean Temperature of Warmest Quarter): 9–28 °C, Ele-
vation: 2277.23–4676.61  m (Fig.  8G-I). For N. sibirica, 
the suitable ranges were: Bio4 (Temperature Seasonality): 
1001.63–1724.88, Bio10 (Mean Temperature of Warm-
est Quarter): 13.62–32.11 °C, Bio7 (Temperature Annual 
Range): 7.7–54.69  °C (Fig.  8J-L). For P. multisectum, 
the suitable ranges were: CN_ratio: 4.05–15.95, Bio18 

(Precipitation of Warmest Quarter): 111.76–251.45 mm, 
UVB4: 2.10–3023.32  J/m2/day (Fig.  8M-O). For Z. xan-
thoxylon, the suitable ranges were: Bio4 (Temperature 
Seasonality): 750.34–818.72, UVB4: 68.97–1211.59  J/
m2/day, Elevation: 159.27–2966.35 m (Fig. 8P-R). For K. 
foliatum, the suitable ranges were: Bio4 (Temperature 
Seasonality): 902.75–1734.22, UVB4: 76.03–5872.05  J/
m2/day, Bio7 (Temperature Annual Range): 1–43.99  °C 
(Fig. 8S-U).

Discussion
This study presents species distribution models for C. 
songaricum and its host plants, which are ecologically sig-
nificant desert species. These results constitute the first 
comprehensive findings for C. songaricum and its host 
plants in China and neighbouring countries. Previous 
studies by Shao et al. (2022) [33] and He et al. (2021) [34] 
focused on other parasitic medicinal plants but exam-
ined only a single host species. Moreover, we utilized the 
Shared Socioeconomic Pathways (SSPs) from the IPCC 
Sixth Assessment Report to model potential distribution 
changes. Four SSPs were considered to estimate uncer-
tainty in range shifts: SSP126 (sustainability, representing 
the most optimistic scenario aligned with RCP2.6 from 
the 5th report), SSP245 (a moderate scenario reflecting 
RCP4.5), SSP370 (regional rivalry, not included in the 5th 
report), and SSP485 (fossil fuel-driven development or 
business-as-usual, corresponding to RCP8.5). Addition-
ally, future climate simulations from BCC-CSM2-MR 

Table 2  Range overlap and niche breadth of C. songaricum and it host plants
Species Range overlap Niche breadth

Zygophyllum 
xanthoxylon

Cynomorium 
songaricum

Kalidium 
foliatum

Nitraria 
sibirica

N. sphaerocarpa N. tangutorum Peganum 
multisec-
tum

B1(inverse 
concen-
tration)

B2(uncertainty)

Zygo-
phyllum 
xan-
thoxylon

0.1034 0.8935

Cyno-
morium 
songari-
cum

0.7149 0.2079 0.9293

Ka-
lidium 
foliatum

0.5386 0.4457 0.2344 0.9290

Nitraria 
sibirica

0.9325 0.6392 0.4516 0.2157 0.8627

N.
sphaero-
carpa

0.4842 0.6225 0.8286 0.5800 0.0821 0.8826

N. tang-
utorum

0.4081 0.5325 0.7237 0.5364 0.7729 0.1368 0.8609

Pega-
num 
multi-
sectum

0.6686 0.8747 0.5640 0.7249 0.3608 0.3658 0.0743 0.9092
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Fig. 8  Response curves for dominant environmental variables in the species distribution model for Cynomorium songaricum and its host plants
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(China), MRI-ESM2-0 (Japan), CanESM5 (Canada), 
and IPSL-CM6A-LR (France) were employed to reduce 
uncertainties associated with relying on a single model.

Data quality and study limitations
A multitude of species distribution models exist, and 
each is characterized by distinct focal points along with 
respective advantages and disadvantages. Consequently, 
achieving accurate predictive results using a singular 
model is challenging. Instead, integrating the prediction 
outputs from various models into an ensemble frame-
work and establishing a weighted balance can signifi-
cantly enhance predictive capabilities, effectively mitigate 
potential errors associated with reliance on a single 
model while facilitating more precise and reliable spe-
cies distribution forecasts [54–56]. In terms of predicting 
suitable habitats for parasitic medicinal plants in China, 
this study employed a combined modelling approach as 
opposed to the sole MaxEnt model utilized by Shao et 
al. (2022) [33] and He et al. (2021) [34], which addresses 
issues related to the variability in ecological prediction 
inherent in current statistical methodologies [49]. Com-
pared with those of the single model, the TSS, KAPPA, 
and AUC values of the combined model improved by 
39.0% and 20.8% over those derived from the SRE model.

Some factors within the WorldClim data [57] exhibit a 
high degree of correlation, which might exert an adverse 
influence on the modelling outcomes [58]. In this study, 
the Pearson correlation coefficient and variance inflation 
factor (VIF) were comprehensively employed to reduce 
the dimensionality of the environmental data extracted 
from the actual occurrence points, which effectively 
addresses this issue [60–61]. Furthermore, when species 
distribution data are deficient and fail to cover the entire 
extent of species existence, it is termed incomplete sam-
pling [62–63] and thereby augments the uncertainty of 
the model results. To mitigate the bias and uncertainty 
caused by such incomplete sampling, occurrence records 
for C. songaricum and its host plants since 1970 were col-
lected. Once an occurrence record is identified, it can be 
presumed that the species still exists in the region. Con-
sequently, species distribution data of C. songaricum and 
its host plants utilized in this study are complete, and the 
accuracy rate of the model constructed will be signifi-
cantly enhanced.

Incorporating all range margins and systematically 
sampling every area within the occupied range are criti-
cal steps in developing species distribution models. The 
considerable overlap between the actual distribution and 
the current potential distribution for all investigated spe-
cies (Fig. 2, Fig. S14), along with elevated TSS, AUC and 
KAPPA values (Fig.  1), implies a pronounced reliability 
of the models and satisfactory outcomes with respect to 
the trade-offs between the accuracy of occurrence data 

intended to mitigate sampling bias and the resolution of 
climate maps. Although our dataset does not uniformly 
encompass the entire distribution range (the dataset for 
North America is missing) and sampling biases cannot 
be entirely eradicated, our models for the current poten-
tial distribution of species exhibit considerable robust-
ness. Consequently, we postulate that these findings 
provide a solid foundation for forecasting the potential 
distributions of the studied species under future climatic 
circumstances.

Simulations of potential habitats for its host plants 
conducted in this study provide a significant reference 
point for understanding the responses of desert ecosys-
tems to climate change. Nevertheless, several factors may 
influence our findings. First, the precision and compre-
hensiveness of species occurrence data can significantly 
impact model certainty [64]. Although integrating data 
from multiple sources is increasingly recognized as a 
potential remedy [65–67], this approach can be challeng-
ing due to substantial differences among data sources in 
terms of assumptions, design, environmental coverage, 
and sampling biases [66, 66–68]. Second, model certainty 
may be influenced by uncertainties and limitations inher-
ent in the biomod2 framework, particularly those related 
to pseudoabsence data and variability in environmental 
variables. For instance, the subjective nature of pseudo-
absence point selection can lead to spatial biases, poten-
tially misrepresenting species-environment relationships. 
Additionally, inadequate representation of habitat acces-
sibility thresholds in pseudoabsence data may systemati-
cally overestimate potential distributions. The sensitivity 
of model outputs to pseudoabsence parameters, such as 
density ratios relative to presence points, underscores the 
need for rigorous sensitivity analyses. To address these 
limitations, we recommend implementing the following 
methodological refinements: (1) conducting systematic 
sensitivity analyses comparing targeted versus random-
ized pseudoabsence sampling approaches; (2) optimizing 
presence-pseudoabsence ratios through ROC curve and 
TSS evaluation to balance model specificity and sensi-
tivity; (3) incorporating spatial block cross-validation 
to mitigate geographical sampling bias propagation; (4) 
establishing ensemble model variance outputs to quan-
tify algorithm-specific sensitivity to pseudoabsence con-
figurations. Third, this study focused exclusively on the 
effects of abiotic factors and host-related factors on the 
distribution of C. songaricum. As a holoparasitic plant, 
the distribution of C. songaricum is also influenced by 
host-parasite commensalism and human factors.
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Environmental variables significantly affect the potential 
geographical distributions of C. songaricum and its host 
plants
Environmental factors exert multi-dimensional regula-
tory effects on the distribution and survival of C. son-
garicum and its host plants [69–74]. Studies have shown 
that ultraviolet-B radiation (UV-B), altitude, and annual 
average temperature are the core driving factors for the 
distribution of C. songaricum. Among them, the low-
est monthly average UV-B intensity (contributing rate 
48.3%) directly affects the parasitism success rate of C. 
songaricum through inhibiting the photoblastic germina-
tion mechanism of seeds, while the distribution of host 
plants is limited by the annual average temperature of 
8–12°C and annual precipitation < 200 mm, which repre-
sents the threshold of a drought climate. The character-
istics of sandy soil (pH 7.5–8.5, salt content < 0.3%) and 
high-altitude gradient (800–2500 m) provide key habitats 
for the C. songaricum-host symbiotic system. However, 
future climate warming (ssp585 scenario with a tem-
perature increase of 4.2°C) may cause the suitable area 
of host plants to contract towards higher altitudes (each 
100 m of elevation increase leads to an increase of 1.2°C 
in adaptability), and exacerbate the fragmentation of C. 
songaricum habitats (the high suitability area is expected 
to decrease by 30–45% from 2041 to 2080). In addition, 
the enhancement of UV-B radiation due to ozone layer 
depletion (+ 15–20%) may further inhibit the physiologi-
cal activity of C. songaricum. To address these challenges, 
protected areas need to be established in stable climate 
regions such as the Qaidam Basin and the Alxa Plateau. 
Through sand barriers for sand fixation, artificial reseed-
ing of host plants (density ≥ 5 plants/100m2) and remote 
sensing monitoring, adaptive management strategies can 
be optimized.

Priority protected areas of C. songaricum and its host 
plants
Based on the Biomod2 ensemble model and the analysis 
of niche overlap, the priority protected areas for C. son-
garicum and its host plants should focus on the climate 
stable zone in the arid regions of Northwest China and 
Central Asia. Specifically, these areas include the north-
ern edge of the Tarim Basin in Xinjiang, the sandy areas 
of the Hexi Corridor in Gansu, the Alashan Plateau in 
Inner Mongolia, and the Kizil Kum Desert in southern 
Kazakhstan. These areas show high ecological suitability 
(AUC > 0.85) in the current and future climate scenarios 
(SSP1-2.6 to SSP5-8.5), and the overlap degree of the 
distribution of C. songaricum and its hosts (Schoener’s 
D > 0.6) is significantly higher than that in other areas 
(Table 2).

Conservation and management strategies for C. 
songaricum and its host plants
To cope with the shrinking of suitable habitats caused 
by future warming (it is projected that the area of high 
suitability zone for C. songaricum and N. sphaerocarpa, 
N. tanguticum, will decrease from 2041 to 2080), com-
prehensive protected areas need to be established in 
high-altitude sandy areas such as the Qaidam Basin and 
Alashan League as climate refuges. Grazing and land 
reclamation should be restricted, and the stability of the 
micro-environment in the sandy areas should be main-
tained through artificial reforestation of host plants (such 
as N. sphaerocarpa and N. tanguticum) and sand barrier 
afforestation techniques. At the same time, cross-border 
cooperation mechanisms (such as the joint protection 
agreement between China and Kazakhstan) are crucial 
for coordinating the conservation of the symbiotic sys-
tem of C. songaricum and its host plants in the desert belt 
of Central Asia.

The management of priority protected areas should 
integrate in-situ conservation (such as drone monitoring 
of host coverage) with ex-situ conservation (such as arti-
ficial breeding bases in Hexi Corridor), and optimize the 
parasitism success rate based on experimental evidence 
that the root exudates of the host (such as solanaceous 
auxin) regulate the germination of the C. songaricum 
seeds (with a 30% increase in germination rate, p < 0.01) 
[75]. Future efforts should be intensified to enhance the 
research on the genome and stress resistance traits of C. 
songaricum and its hosts to improve the sustainability of 
conservation measures.

Conclusions
This study employed the biomod2 ensemble modeling 
framework to systematically evaluate the potential dis-
tribution patterns of C. songaricum and its host plants 
under current and future climate scenarios. The results 
demonstrate that mean ultraviolet-B of lowest month, 
altitude, and the annual mean temperature are the pri-
mary drivers of species distribution of C. songaricum. 
Projections under four scenarios within the two time-
frames (2041–2060 and 2061–2080) indicate the reduc-
tion in overall suitable habitats for C. songaricum, N. 
tangutorum, N. sphaerocarpa, and P. multisectum. Draw-
ing upon the findings of this study, conservation priori-
ties for safeguarding species with substantial medicinal 
and ecological significance should be prioritized as fol-
lows: (1) the priority protected areas for C. songaricum 
and its host plants should focus on the arid and semi-
arid sandy lands in Northwest China and Central Asia, 
with a particular emphasis on protecting the symbiotic 
system of C. songaricum and its host plants. These areas 
should maintain their ecological functions through cli-
mate adaptability and artificial intervention measures. In 
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the future, cross-regional cooperation (such as the joint 
protected area of China and Kazakhstan) needs to be 
strengthened to address the cross-border impacts of cli-
mate change on desert ecosystems. While model ensem-
ble techniques significantly reduced single-algorithm 
uncertainty (average AUC improvement of 0.15), biases 
in pseudo-absence selection and limitations in environ-
mental variable resolution may still affect prediction 
accuracy. To improve predictive accuracy, more compre-
hensive approaches are necessary, such as systematically 
addressing these issues through the integration of multi-
source data streams – including remote sensing datasets 
(e.g., Sentinel-2-derived vegetation indices), citizen sci-
ence observations (iNaturalist records), and environmen-
tal DNA (eDNA) genomics – thereby enhancing spatial 
resolution and predictive accuracy while advancing eco-
logical niche modeling methodologies.

Materials and methods
Occurrence records
The occurrence records of C. songaricum, N. tangutorum, 
N. sphaerocarpa, N. sibirica, P. multisectum, Zygophyl-
lum xanthoxylon and K. foliatum were obtained from 
the following sources: (1) websites (Global Biodiversity 
Information Facility, GBIF, https://www.gbif.org/; ​C​h​i​n​
e​s​e Virtual Herbarium databases, CVH, ​h​t​t​p​s​:​/​/​w​w​w​.​c​
v​h​.​a​c​.​c​n​/​​​​​; Plant Science of China, ​h​t​t​p​:​/​/​w​w​w​.​i​p​l​a​n​t​.​c​n​/​
f​r​p​s​​​​​)​; and (2) a relevant literature search. Subsequently, 
any occurrence data lacking precise geographic informa-
tion were excluded from the analysis (Fig. S14). Using 
ENMTools [76], the occurrence data were screened so 
that each 5  km×5  km raster contained just one distri-
bution point. Finally, 136, 160, 85, 145, 43, 107 and 102 
occurrence records were obtained for C. songaricum, 
N. tangutorum, N. sphaerocarpa, N. sibirica, Zygophyl-
lum xanthoxylon, P. multisectum and K. foliatum (Tables 
S3-S4).

Environmental variables
To model current species distribution patterns, 47 envi-
ronmental factors, including 3 terrain variables, 19 bio-
climatic variables, 16 soil variables, 6 UV-B radiation 
variables and 3 other variables, that affect the distribu-
tions of C. songaricum and its hosts were downloaded 
[77–81]. Bioclimatic variables with a spatial resolution 
of 2.5′ from the WorldClim 2.1 database were utilized (​
h​t​t​p​​s​:​/​​/​w​w​w​​.​w​​o​r​l​​d​c​l​​i​m​.​o​​r​g​​/​d​a​​t​a​/​​w​o​r​l​​d​c​​l​i​m​2​1​.​h​t​m​l) 
(Table S5), which was derived from monthly mean tem-
perature and precipitation measurements [82] as predic-
tors of possible species distributions. Large chorological 
and phenological studies frequently use these data, which 
are especially useful for estimating the effects of climate 
change [83–86]. Sixteen soil variables were downloaded 
from the Harmonized World Soil Database (version 1.2, 

https://www.fao.org/soils -portal/). Six UV-B radiation 
variables were obtained from the Helmholtz Centre for 
Environmental Research (​h​t​t​p​​s​:​/​​/​w​w​w​​.​u​​f​z​.​​d​e​/​​g​l​u​v​​/​i​​n​d​e​x​
.​p​h​p​?​e​n​=​3​2​3​6​7).

On the basis of the 47 environmental factors listed 
above, we considered the significance of variables derived 
from the jackknife technique and quantitatively assessed 
how environmental factors affect the geographic distribu-
tion of C. songaricum and its host plants. To incorporate 
host factors into the distribution model of C. songaricum, 
host plants were utilized as a limiting factor in the para-
site analysis. To verify the significance and correlation of 
environmental factors, we used the VIF and Pearson cor-
relation coefficient. The environmental factors with cor-
relations less than 0.7 and variance inflation factor (VIF) 
values less than 10 were initially screened. Spearman 
correlation analysis and multicollinear variance inflation 
factor (VIF) analysis were conducted on the point inter-
polation data in the R language. The reciprocal of toler-
ance is another name for the variance expansion factor or 
VIF. There is no multicollinearity between factors when 
the VIF < 10, there is multicollinearity between factors 
when 10 < VIF < 100, and there is serious interfactor mul-
ticollinearity when 100 < VIF.

The Intergovernmental Panel on Climate Change 
(IPCC) Sixth Assessment Report, which outlines Shared 
Socioeconomic Pathways (SSPs) [87], was employed to 
model potential distribution changes. Shared Socioeco-
nomic Pathways (SSPs), representing a new generation of 
socioeconomic scenarios for climate research, unify the 
socioeconomic assumptions used across various research 
communities, thereby improving the consistency and 
reliability of climate projections. SSP represent a signifi-
cant advancement over the Representative Concentration 
Pathways (RCP) scenarios. This new framework not only 
refines and updates the original RCP2.6, RCP4.5, RCP6.0, 
and RCP8.5 scenarios to SSP1-2.6, SSP2-4.5, SSP4-6.0, 
and SSP5-8.5, respectively, but also introduces additional 
emission pathways such as SSP1-1.9, SSP4-3.4, SSP5-3.4-
OSS, and SSP3-7.0. Compared to the RCP2.6 scenario, 
the SSP1-2.6 scenario exhibits a smoother trajectory. 
Despite its higher initial emissions levels, reflecting actual 
greenhouse gas (GHG) emissions between 2007 and 2014 
that were significantly higher than those predicted by 
RCP2.6, this scenario ultimately follows a more mod-
erate long-term trend. This suggests that under SSP1-
2.6, global efforts towards more effective and proactive 
emission reduction measures have led to a more stable 
development path. For the SSP2-4.5 scenario, it incorpo-
rates a greater proportion of non-CO2 greenhouse gases 
compared to RCP4.5. Consequently, the radiative forc-
ing changes start from a higher baseline and exhibit a 
slower rate of decline throughout the projection period. 
This highlights the increased importance of non-CO2 

https://www.gbif.org/
https://www.cvh.ac.cn/
https://www.cvh.ac.cn/
http://www.iplant.cn/frps
http://www.iplant.cn/frps
https://www.worldclim.org/data/worldclim21.html
https://www.worldclim.org/data/worldclim21.html
https://www.fao.org/soils
https://www.ufz.de/gluv/index.php?en=32367
https://www.ufz.de/gluv/index.php?en=32367
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gases in climate change impacts, necessitating enhanced 
focus on their emission control. The SSP4-6.0 scenario 
diverges notably from RCP6.0, with CO2 emissions peak-
ing in 2050 rather than 2080. Although SSP4-6.0 includes 
higher levels of non-CO2 emissions, these adverse effects 
are mitigated by the assumption of accelerated emis-
sion reductions and technological advancements. This 
underscores the critical role of innovation and societal 
transformation in addressing the complexities of climate 
change. Finally, the SSP5-8.5 scenario portrays a high-
emission future characterized by continuous increases in 
GHG emissions, leading to substantial global tempera-
ture rises. This scenario serves as a stark reminder that 
without effective mitigation actions, the risks associated 
with climate change could become even more severe. In 
summary, the SSP framework builds upon and extends 
the core concepts of the RCP scenarios by integrating 
socio-economic dimensions into climate modeling. This 
provides a more comprehensive and nuanced scenario 
structure for climate change research, which is essential 
for developing robust strategies and policies to mitigate 
climate change impacts. Four SSPs, SSP126 (sustainabil-
ity, the most optimistic scenario reflecting RCP2.6 from 
the 5th report), SSP245 (a middle of the road, moderate 
scenario reflecting RCP4.5), SSP370 (regional rivalry, 
not used in the 5th report), and SSP485 (fossil fuel-based 
development or business-as-usual, reflecting RCP8.5), 
were considered to estimate the uncertainty of range 
shifts. Furthermore, every SSP was examined using four 
global circulation models (GCMs) as follows: BCC-
CSM2-MR (China), MRI-ESM2-0 (Japan), CanESM5 
(Canada), and IPSL-CM6A-LR (France). For all four 
SSPs, this amounts to half of the GCMs that are available. 
To consider the variability of GCMs, we chose to use ran-
domly selected GCMs from different nations. To draw 
conclusions about the dynamics of species distribution 
shifts, we obtained future climatic data for two timelines 
as follows: 2041–2060 and 2061–2080.

Construction of the SDM and evaluation of model accuracy
Using an ecological niche modelling approach, we fore-
casted the habitat suitability of C. songaricum and its 
host plants under present and future climatic conditions. 
We used ensemble forecasting (EF), which creates a con-
sensus model by applying multiple statistical algorithms 
[88]. Compared with individual models, this consensus 
model is thought to be a more reliable estimator [89].

Sillero (2011) [90] noted that integrating the outcomes 
of various methods, for example, methods based on dis-
parate input data, can present problems. Generally, there 
are three types of models as follows: presence-only (such 
as climate envelope approaches), presence-absence (such 
as regression), and presence-background (such as the 
maximum entropy approach) models. Presence-absence 

models are better than presence-only models and pres-
ence-background approaches if accurate data on species 
absence are available. Therefore, we used the following 
nine presence‒absence approaches from the algorithms 
implemented in the R package Biomod2 [91–92]: GLM—
generalized linear models; GBM—generalized boosted 
models; ANN—artificial neuronal networks; SRE—sur-
face range envelope; FDA—flexible discriminant analysis; 
MARS—multiple adaptive regression splines; RF—ran-
dom forest; MAXENT—maximum entropy models; and 
CTA—classification and regression tree analysis.

Pseudoabsence data are generated from the initial 
background outside the occurrence points by the “ran-
dom” parameter in the Biomod2 software. Two thou-
sand pseudoabsence points are randomly generated each 
time and this process is repeated 3 times. To prevent the 
model from biasing towards a particular category during 
training, weights of the occurrence points and pseudoab-
sence points are adjusted so that the weighted sum of the 
two is equal. In this study, the “data. split. Theperc = 80” 
parameter is set in the Biomod2 software package to 
select 80% of the dataset containing occurrence points 
and pseudoabsence points as the training set and the 
remaining 20% as the test set. The division of the train-
ing and testing data was repeated 2 times. Each model 
performs one modelling operation on each group of 
pseudoabsence data and generates a total of 36 (2 × 2 × 9) 
predictive models.

The single algorithm parameters listed below were used 
to run the models. We used a stepwise feature selection 
process with quadratic terms based on the Akaike Infor-
mation Criterion (AIC) to create the GLM. To guarantee 
fitting, GBM was conducted with a maximum of 2000 
trees, a minimum of 10 observations in the terminal 
nodes of the trees, a learning rate of 0.01 and an interac-
tion depth of 7. We employed a logit link function and 
a binomial distribution for the GAM. We set the initial 
random weights on [− 0.1, 0.1] with a maximum of 200 
iterations, and we employed five cross-validations to 
determine the optimal size and decay parameters for the 
ANN. Using the MARS method, flexible discriminant 
analysis (FDA) was conducted. Five hundred trees and a 
node size of five were used when applying the RF. MAX-
ENT was conducted with 1000 maximum iterations and 
a lq2lqptthreshold of 80. SRE was conducted with a quant 
of 0.025.

The accuracy of each individual model was evaluated 
using receiver operating characteristic (ROC) curves, 
true skill statistic (TSS) [93], and Kappa values [94]. TSS 
calculates the net prediction success rate of the model 
by utilizing presence and pseudo-absence points. The 
TSS value ranges from − 1 to 1; a TSS value closer to 1 
indicates higher prediction accuracy, while a value closer 
to -1 suggests a more stochastic model. The area under 
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the ROC curve (AUC) is another criterion for assess-
ing model performance, with an AUC > 0.95 indicating 
excellent model performance. Kappa statistics measure 
the agreement between predicted and observed out-
comes relative to random chance, with a Kappa > 0.75 
indicating excellent model performance [95]. Gener-
ally, higher values of these three metrics suggest greater 
model accuracy. Based on the evaluation results of indi-
vidual models, those with TSS values greater than 0.7 and 
AUC values greater than 0.8 were selected to construct 
the ensemble model. Weights for each individual model 
in the ensemble were assigned based on their respective 
TSS scores, ensuring that models with higher TSS values 
received greater weight. This process ultimately yields 
combined model results for both current conditions and 
various future scenarios [96–97].

The Biomod_EnsembleModelling function adopts 
the em.algo parameter to choose from nine methods 
for integrated modelling. The options include EMmean 
(based on the probability mean of the selected model), 
EMmedian (based on the median probability of the 
selected model), EMwmean (based on the evaluation 
score), EMca (based on the binary voting of the selected 
model), EMci (based on the confidence interval around 
the probability mean of the selected model), and EMcv 
(based on the probability coefficient of variation in the 
selected model, i.e., SD/mean) with the selected model’s 
probabilities weighted by the evaluation scores obtained 
at the time of model construction. Among these, EMme-
dian requires more memory and processing power than 
EMmean but is less affected by extreme anomalies. 
Instead of evaluating the probability of the occurrence of 
a species, EMmean can be used to evaluate uncertainty. 
In EMwmean, the weight in the subsequent integration 
increases with the quality of the prior model evaluation.

The appropriate integrated model was chosen after 
results of the Biomod _EnsembleForecasting function 
were assessed for TSS, ROC and KAPPA scores. Appro-
priate areas were categorized using the Jenks natural 
break classification (NBC) method. Following the devel-
opment of the integrated model, distribution maps were 
normalized using ArcGIS 10.8, and the integrated model 
was projected onto the environmental variables for possi-
ble geographic distribution prediction using the Biomod 
_EnsembleForecasting function. Based on the results 
from Biomod2, 0-0.3, 0.3–0.5, 0.5–0.8, and 0.8-1 were the 
thresholds for unsuitable, low-suitable, medium-suitable, 
and high-suitable areas for C. songaricum and its host 
plants, respectively. Additionally, the SDM toolbox v 2.5 
plug-in was used to calculate the distribution changes 
between the current period and each period of the future 
for C. songaricum and its host plants.

Overlapping geographical distribution areas of C. 
songaricum and its host plants
Using ArcGIS 10.4 software, we first classified all pos-
sible geographical distributions of C. songaricum and 
its host plants with probabilities > 0.3 (the cut-off point 
between low suitability habitat and unsuitable habitat) 
as “suitable” and all those with probabilities less than 0.3 
as “unsuitable” for the overlapping geographical distri-
bution areas. The overlapping geographic distribution 
areas of C. songaricum and its host plants were subse-
quently superimposed on their suitable areas. Finally, the 
distribution area of C. songaricum, which is separately 
parasitic on its host plants, was identified on the basis of 
the overlapping geographical distribution areas of these 
species.

Measurement of the ecological niche
Initially, the niche breadth of each species in geographic 
and environmental space was determined by calculat-
ing the mean Levins’ B1 (inverse concentration) and B2 
(uncertainty) values using ENMTools v1.3. The distribu-
tion of Levins’ B1 and B2 values, which ranged from 0 to 
1, revealed that higher values suggest greater niche width 
and that smaller values indicate confined niche breadth. 
Next, on the basis of the EM output, the ecological niche 
differences, including overlap and range overlap, between 
C. songaricum and its host plants were calculated using 
the ENMTools software. The ecological niche overlap 
test was used to compare the degree of ecological niche 
overlap among C. songaricum and its host plants by mea-
suring the similarities between their ecological niches 
using Schoener’s D [98] and Hellinger’s distance (I) [99]. 
Generally, the values of D and I varied from 0 (signify-
ing a minimal level of overlap in niches) to 1 (signifying a 
significant level of overlap in niches). Finally, ArcGIS was 
used to visualize the overlapping zones, which included 
the highly and moderately suitable habitats of paired spe-
cies to support the hypothesis.
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