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ABSTRACT

Aim: Cave fish, the largest aquatic vertebrates in karst ecosystems, rely heavily on bat guano as a nutrient source. However,
ongoing environmental change is degrading cave habitats and altering bat distributions. This study aims to assess how climate-
driven bat migration affects cave fish distributions in China, providing insights for biodiversity conservation.

Location: China.

Methods: We developed ensemble species distribution models (ensemble SDMs) for cave bats and cave fish, integrating current
and projected climate data to simulate historical and future distributions. Cave bat richness was used as a proxy for food resource
availability for cave fish. We then quantified changes in cave fish richness under different climate scenarios and evaluated the
amplifying effect of bat migration.

Results: Both cave bats and cave fish exhibit overlapping richness hotspots in southern China, strongly associated with frag-
mented karst landscapes. Under future climate scenarios, the cave bat richness center is projected to shift northwestward, with
greater displacement under high-emission conditions. Cave fish richness is predicted to decline due to climate stress alone, but
when accounting for bat migration, losses are amplified by 12-40 times.

Main Conclusions: Climate-induced shifts in cave bat distributions may drastically intensify habitat and nutrient limitations
for cave fish, exacerbating biodiversity loss. These findings highlight the importance of integrating biotic interactions and trophic
dependencies in species distribution modelling and conservation planning. The study provides a framework for prioritising cave
ecosystem protection under future environmental change.

1 | Introduction various other troglobionts (Gunn 2004). Among these, cave

fish—rare freshwater species dependent on subterranean hab-

Caves are critical habitats for endemic and threatened spe-
cies, harbouring high levels of endemism (Deharveng 2005)
and genetic uniqueness (Gibert and Deharveng 2002). These
subterranean ecosystems support diverse specialised taxa, in-
cluding cave-dwelling fish, crustaceans, insects, worms, and

itats to complete all or part of their life history stages (Zhao
and Zhang 2006)—represent the most diverse vertebrate
group in cave environments (Culver and Pipan 2019; Niemiller
et al. 2019). Through evolutionary adaptation to perpetual dark-
ness, cave fish have developed a series of striking morphological
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and physiological traits, including degenerated or absent eyes,
depigmentation, lowered metabolic rates, and attenuated
circadian rhythms (Jeffery 2001; Rétaux and Casane 2013;
Borowsky 2018; Soares and Niemiller 2020). These extraor-
dinary evolutionary characteristics have captivated biologists
for decades (von Rintelen et al. 2012; Protas and Jeffery 2012),
with species such as Astyanax mexicanus established as leading
model organisms in diverse biological disciplines, from evolu-
tionary and developmental biology to neurophysiology (Keene
et al. 2015). Furthermore, cave fish adaptations may provide
critical insights into addressing complex human pathologies in-
cluding cancer progression (Gatenby et al. 2011) and metabolic
disorders such as diabetes (Riddle et al. 2018).

Cave fishes are predominantly local endemics, typically con-
strained by small population sizes and highly restricted distribu-
tions (Zhao and Zhang 2006). Most species inhabit karst regions
and exhibit extremely narrow ranges—for example, nearly 50
Sinocyclocheilus species are confined to only one or a few caves
(Zhao and Zhang 2009). Despite the karst region being rec-
ognised as a World Heritage site, it is subject to unprecedented
human disturbances, yet these fishes remain poorly known and
are rarely listed as protected species (Wen et al. 2022). Like other
troglobionts, cave fish rely critically on external energy subsi-
dies as subterranean habitats lack photosynthetic production
(Gibert and Deharveng 2002). Most cave systems are therefore
resource-limited, and cave communities depend largely on
external organic inputs—typically dissolved and particulate
organic carbon transported underground via hydrological path-
ways, or the occasional influx of animals that enter caves ac-
cidentally and subsequently die, thereby fueling subterranean
food webs (Niemiller and Soares 2014). Cave bats, acting as sym-
biotic species of cave fish in the same habitats, are pivotal eco-
logical vectors in cave ecosystems (Ferreira and Martins 1999;
Ferreira 2019; Culver and Pipan 2019; Wen et al. 2022). They
transport essential organic nutrients—primarily via guano
and carcass—into caves during nightly foraging excursions to
provide food to cave fish (Ferreira and Martins 1999; Culver
and Pipan 2019; Iskali and Zhang 2015). Beyond nutrient pro-
visioning, cave bats influence cave microhabitats, with their
ecological presence directly linked to the survival of cave fish
populations (Meierhofer et al. 2024). Unfortunately, the habi-
tats of both taxa have been increasingly degraded due to climate
change and anthropogenic disturbances (Furey and Racey 2016;
Festa et al. 2023; Proudlove 2001; Dong et al. 2024). While bats
exhibit range shifts toward climatically suitable areas in frag-
mented cave networks (Ke et al. 2025), cave fish—constrained
by minimal dispersal capacity—remain geographically trapped
(Mammola et al. 2019). This disparity elevates extinction risks
for cave fish as dwindling bat-mediated energy subsidies and
disrupted microhabitat dynamics may lead to underestimated
population collapses, posing profound threats to global diversity
conservation. China harbours the planet's richest cave fish di-
versity (Zhao et al. 2011; Bai, Zhang, Gan, Brosse, et al. 2025)
and approximately 10% of global bat species—77% of which are
cave-dwelling (Tinglei et al. 2020; Luo et al. 2013; Medellin
et al. 2017). Furthermore, its extensive karst landscapes provide
widely distributed cave environments across the country (Wang
et al. 2019). Understanding how climate-driven bat range shifts
alter cave fish habitat viability through indirect cave trophic cas-
cades is therefore imperative for targeted conservation planning.

Species distribution models (SDMs) have served as a foundational
methodology in recent decades for predicting how changing en-
vironmental conditions influence species’ spatial and temporal
distributions (Booth et al. 2014; Elith and Leathwick 2009; Bai,
Zhang, Xiong, Yang, et al. 2025). These models have been widely
employed to quantify ecological niches and project species oc-
currences across terrestrial, freshwater, and marine ecosystems
(Guisan and Thuiller 2005; Elith and Leathwick 2009; Robinson
et al. 2017; Hao et al. 2019; Sofaer et al. 2019; Bai et al. 2024). By
forecasting species distributions across space and time, SDMs
provide critical tools for anticipating biological invasions, delin-
eating key habitats, guiding conservation planning, and inform-
ing translocation for imperilled species (Guisan et al. 2013). This
study investigates the poorly understood impacts of cave bat mi-
gration on cave fish habitats in China under global change using
an ensemble SDMs framework, which can produce consensus
projections that outperform single SDMs (Aratjo and New 2007;
see methods). We modelled habitat suitability and species rich-
ness for both cave-dwelling bats and fish by integrating climatic,
anthropogenic, and geomorphological variables. We then exam-
ined the migration trends of cave bats and their subsequent ef-
fects on spatial patterns of cave fish richness. Our study provides
a foundational methodological framework for the conservation
of cave fish habitats amid environmental change while deliver-
ing critical insights into the ecology and protection of rare fresh-
water taxa.

2 | Methods
2.1 | Cave Fish and Cave Bat Occurrences

Occurrence data for cave bat were sourced from the global cave
bat database compiled by Tanalgo et al. (2022). Cave fish oc-
currence records (listed in Appendix S1) were collected from
three sources: (1) a systematic literature review using the key-
words cavefish, cavefishes, cave fish, blind fish, hypogean fish,
and cave-dwelling fish across Web of Science (WOS), Google
Scholar, and the Chinese CNKI database; (2) digitised records
from the Global Biodiversity Information Facility (GBIF, https://
www.gbif.org/) and FishBase (https://fishbase.se/); and (3)
field surveys from January 2023 to December 2024 in Guizhou
Province, China (Figure S8; Appendix S1). All records were
validated for taxonomic consistency (resolving synonymies and
errors) and georeferenced for spatial accuracy prior to model-
ling (Da Mata et al. 2017). To reduce spatial autocorrelation, oc-
currence data were processed through spatial thinning at a 30
arc-second resolution grid, retaining a single record per grid cell
(Boria et al. 2014; Aiello-Lammens et al. 2015; Steen et al. 2021).
To prevent model overfitting, we only retained cave fish genera
or cave bat species with at least five occurrence records (Pearson
et al. 2007; Mi et al. 2023; Bai, Zhang, Yang, Grenouillet,
et al. 2025). Following data curation, 329 occurrence records
were retained for modelling six cave fish genera (occurrences
of cave fish are particularly sparse in both space and time), and
1245 records were used to model distributions for 34 cave bat
species (Figure S1).

As highlighted by Elith et al. (2006), presence (occurrence)-ab-
sence algorithms typically provide more robust predictions than
presence-only methods. Because verified absence data were not
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available for cave fish and bat species, we employed a pseudo-
absence strategy. For each species, pseudoabsence points were
randomly drawn in numbers equal to their presences, exclud-
ing grids where presences occurred (Barbet-Massin et al. 2012;
Bai, Zhang, Yang, Zhang, et al. 2025). These pseudoabsence
and presence records were subsequently combined and ran-
domised to create the final dataset for model construction
(Senay et al. 2013).

2.2 | Predictor Variables Selection

The selection of predictor variables critically determines the
quantification of ecological niches and the spatiotemporal
transferability of SDMs (Townsend Peterson et al. 2007). To
ensure model reliability, variables must demonstrate clear
ecological relevance to the target species (Sillero et al. 2021).
For cave bats, we selected six predictor variables: annual
mean temperature (BIO1), temperature seasonality (BIO4),
annual precipitation (BIO12), precipitation seasonality
(BIO15), land cover (LC), and karst landscape (KRT). All
variables were processed to a uniform 30 arc-second resolu-
tion (~1 km? grid) to align with occurrence data. BIO1, BIO4,
BIO12, and BIO15 were obtained from the WorldClim data-
base (http://www.worldclim.org; Hijmans et al. 2005). LC was
sourced from a spatial land cover dataset developed by Xin Lin
(https://zenodo.org/records/7417369; Lin et al. 2023), which
includes six categories: Cropland, Forest, Grassland, Water,
Urban, and Barren. KRT data (Hartmann and Moosdorf 2012;
Goldscheider and Drew 2014; Chen et al. 2017) were reclassi-
fied as a categorical variable with three classes: 0 (non-karst);
1 (discontinuous carbonate karst); 2 (continuous carbonate
karst). For cave fish, predictors included BIO1, BIO12, KRT,
and bat species richness (BSR), all at the same uniform res-
olution of 30 arc-seconds. BSR was generated by aggregating
the habitat suitability projections from SDMs of 34 cave bat
species.

BIO1, BIO12, and KRT are ecologically critical predictors for
cave-dwelling organisms, due to their direct relevance to sur-
vival mechanisms. While cave temperatures exhibit relative
stability throughout the year, they remain strongly correlated
with regional surface temperatures (Moore and Sullivan 1964)
and are often approximated by BIO1 in ecological models
(Mammola et al. 2019). BIO1 thus serves as a proxy for thermal
regimes influencing both cave bat and cave fish. BIO12 governs
cave humidity and groundwater dynamics, which regulate
key ecological processes such as nutrient transport and physi-
ological tolerance in these taxa. KRT directly reflects the pres-
ence or absence of karst caves, which are essential habitats for
cave bat (Furey and Racey 2016; Tanalgo et al. 2022) and cave
fish (Zhao et al. 2011), as they depend heavily on stable sub-
terranean environments. Seasonal climatic variability (BIO4
and BIO15) further explains cave bat distributions, as many
species exhibit seasonally temperature- and resource-driven
behaviours (Whitaker Jr and Rissler 1992; Agosta et al. 2005;
Ramanantsalama et al. 2019). In addition, land cover (LC)
constrains cave bat occupancy by defining foraging habitat
quality and prey availability (Razgour et al. 2016). Crucially,
cave fish—with their limited dispersal capacity—rely on cave
bat to mediate nutrient inputs (e.g., guano, carcasses) into the

subterranean ecosystem (Ferreira and Martins 1999; Culver
and Pipan 2019). To account for this species symbiosis, we
included BSR as a predictor variable in cave fish distribution
models.

To mitigate overfitting and address collinearity among predic-
tors (De Marco and Nobrega 2018), we performed collinearity
diagnostics on predictor variables for both cave bat and cave
fish models. Weak collinearity was confirmed, with all vari-
ables showing VIF values below 10 (Table S1). This threshold
has been widely adopted as an indicator of low multicollinearity
in ecological modelling (Naimi et al. 2014) and is recommended
in numerous recent SDM studies (Bai et al. 2024; Bai, Zhang,
Xiong, Yang, et al. 2025; Zhou et al. 2025). Retaining variables
under this criterion not only allows the inclusion of ecologically
relevant predictors, thereby maintaining model interpretabil-
ity and performance (Alves-Ferreira et al. 2024; Li et al. 2025),
but also enhances the transferability of SDMs, that is, their
ability to predict species’ adaptability in novel environments
(Biancolini et al. 2024).

2.3 | Ensemble Modelling and Prediction

Ensemble modelling approaches are widely recognised for
their superior predictive performance compared to indi-
vidual algorithms (Friedman and Popescu 2008; Seni and
Elder 2010), offering a robust framework to address uncertain-
ties in species distribution projections (Aradjo and New 2007;
Marmion et al. 2009; Thuiller et al. 2009). For this study, we
implemented four established algorithms—Generalised
Linear Models (GLMs; McCullagh 2019), Random Forest (RF;
Breiman 2001), Multivariate Adaptive Regression Splines
(MARS; Friedman 1991), and Maximum Entropy (MaxEnt;
Phillips et al. 2006)—to generate ensemble models. All algo-
rithms were executed using default parameters in the “biomod2”
package (Thuiller et al. 2016) within R 4.3.1. Model performance
was evaluated using the Area Under the Curve (AUC) of the
Receiver Operating Characteristic (ROC; Huang and Ling 2005)
and the True Skill Statistic (TSS; Allouche et al. 2006) calcu-
lated from independent evaluation datasets. The ROC curve il-
lustrates the trade-off between a model's true positive rate and
false positive rate at different thresholds. A higher AUC value
indicated by the ROC curve bending toward the upper-left cor-
ner reflects better model prediction performance. The TSS, cal-
culated as TSS =Specificity + Sensitivity — 1, ranges from —1 to
1, with higher TSS values denoting robust model performance
(Allouche et al. 2006). To ensure model reliability, we employed
repeated split-sample and cross-validation techniques: 70% of
the total presence and pseudo-absence records were randomly
selected as the training set for fitting the algorithms, with the
remaining 30% used to evaluate the algorithm's performance
(Bai, Zhang, Gan, Brosse, et al. 2025). This process was repeated
10 times to reduce variability caused by the splitting of data-
sets and increase the rigour of the results (Bai et al. 2024; Zhou
et al. 2025). Only models achieving AUC > 0.75 were retained,
with final ensemble predictions weighted by individual AUC
scores (Aradjo and New 2007; Buisson et al. 2010).

In this study, we first simulated historical distributions of cave
bat and cave fish for the baseline period of 2010s (2001-2020).
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Future projections for 2050s (average from 2041 to 2060) and
2090s (average from 2081 to 2100) were generated by inte-
grating future bioclimatic variables and non-climatic predic-
tors (LC, BSR), while holding KRT constant. KRT remains
static in the future projections due to its negligible temporal
variability in the time scale of this study—a standard prac-
tice for non-climatic variables in climate impact modelling
(Peterson et al. 2002). This approach aligns with evidence
that models combining static and dynamic variables outper-
form those relying solely on dynamic predictors (Iverson and
Prasad 1998; Stanton et al. 2012). To minimise uncertainty in
future projections, we utilised outputs from four widely vali-
dated global circulation models (GCMs: ACCESS-CM2, BCC-
CSM2, CanESM5, and CNRM-ESM2 —1; Table S2), averaging
species richness projections across all GCM ensembles (Hole
et al. 2009; Mi et al. 2023; Bai et al. 2024; Bai, Zhang, Yang,
Zhang, et al. 2025). We selected two Shared Socioeconomic
Pathways (SSP) scenarios (SSP1-2.6 that represents low-
emission mitigation and SSP5-8.5 denoted by high-emission
baseline) from the IPCC Sixth Assessment Report (AR6) to
address different levels of shared socioeconomic pathway and
human carbon emissions (O'Neill et al. 2017). Separate distri-
bution models for cave bat and cave fish were developed under
each scenario to assess habitat shifts under varying degrees
of emission.

2.4 | Richness for Cave Bat and Cave Fish

In the R package biomod2, species richness is generally calcu-
lated by stacking individual output in two ways: (1) bssdm—
summing the binary maps obtained after thresholding; (2)
pssdm—directly summing the habitat suitability maps. Previous
studies have found that the bssdm method tends to overesti-
mate species richness per unit area (Algar et al. 2009; Dubuis
et al. 2011; Mateo et al. 2012), as this method does not account
for factors that limit the maximum number of species that can
occupy the same geographic unit (Guisan and Rahbek 2011). In
contrast, the pssdm method is less likely to overestimate species
richness (Dubuis et al. 2011; Calabrese et al. 2014). However, the
pssdm method does not account for species’ dispersal abilities,
and when applied to populations with limited dispersal capac-
ity, species richness may still be overestimated. Unlike the cave
bats (which can fly), the underground cave environment creates
an “island effect” (Wu 1993) for cave fish, which may result in
them having much lower dispersal abilities compared to surface
freshwater fish. In the face of climate change, these species may
only be able to persist locally (Mammola et al. 2019), making it
necessary to incorporate dispersal limitations into the calcula-
tion of cave fish species richness. Therefore, this study calcu-
lates the species richness of cave bat and cave fish for each grid
using the pssdm and dl-pssdm (pssdm under dispersal limita-
tion) methods, respectively. Among these two, dl-pssdm imple-
ments dispersal limitations by excluding the emergence of new
habitats and the restoration of old habitats. The calculation for-
mulas are as follows:

b_ b
Rt - Zi:l HSi,t

6 f
R];ow = ijl HSj,zow

_\'° ; f f
Rgoso = ijl min (HSj,ZOIO’HSj,2050>

_\° . f f f
R£090 - ZJ-:l min <HSj,2010’HSj,2050’HSj,2090>

where Ri’ and R{ represent the species richness of cave bat and
cave fish in period t; ¢t can be 2010, 2050, or 2090; HSE: rep-
resents the habitat suitability of the i-th cave bat species in pe-
riod t,i=1,2, ...,34; HS}I’ , represents the habitat suitability of
the j-th cave fish genus in period ¢, j = 1,2, ... ,6.

2.5 | Richness Change for Cave Bat and Cave Fish

Under future scenarios, changes in climate and LC will alter the
distribution of cave bat richness, which in turn may influence
the spatial pattern of cave fish richness under climate change.
The changes in species richness for cave bat and cave fish are
calculated as follows:

b _ pb b
RCt - Rt - R2010
Rctf(C) = R{(C) - Rgom
Rctf(C,B> = RI:(C,B) - R};ow

where RCf represents the change in cave bat species richness in
period ¢ relative to the historical baseline year 2010, Rf(c) and
sz(c,B) represent the projected cave fish genera richness in period
t when only climate variables (C) are changed, and both climate
variables and cave bat richness (C, B) are changed, ¢ can be 2050
or 2090; RCQC) and RCf(C’B) represent the changes in cave fish
genera richness in period t when only climate variables (C) are
changed, and both climate variables and cave bat richness (C, B)

are changed.

3 | Results

3.1 | Richness Distribution of Cave Bat
and Cave Fish

SDMs were successfully developed for 34 cave bat species
and 6 cave fish genera. Model evaluation metrics demon-
strated robust predictive performance, with mean AUC and
TSS values of 0.977 and 0.877 for the cave bat species, and
0.987 and 0.915 for the cave fish genera (Figure S2). These
values substantially exceed the commonly accepted thresh-
olds for strong model accuracy (AUC >0.90; TSS > 0.75; Yang
et al. 2022). Mean variable importance analysis revealed dis-
tinct drivers of habitat suitability for each taxon. For cave
bats, annual precipitation (BIO12) contributed most strongly
(40.2%), followed by annual mean temperature (BIO1; 24.9%),
temperature seasonality (BIO4; 13.7%), precipitation seasonal-
ity (BIO15; 10.9%), land cover (LC; 5.6%), and karst landscape
(KRT; 4.8%). In contrast, cave fish distributions were pre-
dominantly influenced by bat species richness (BSR; 43.8%)
and karst landscape (KRT; 23.8%), with lesser contributions
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from annual precipitation (BIO12; 16.4%) and annual mean
temperature (BIO1; 16.0%).

Both cave bat and cave fish are predominantly distributed in
southern China, specifically in the south of the Heihe-Tengchong
Line, which aligns with a transition in population density, cli-
mate, and topography of China (Figure 1a; Figures S3 and S4).
Regions with high cave fish genera richness (FGR) (FGR >3)
occur exclusively within areas of high cave bat species richness
(BSR) (BSR>10), spanning a total area of 846.43km?. Areas
with exceptionally high fish richness (FGR >4) are almost en-
tirely restricted to regions where BSR exceeds 20, covering a
total area of 213.27km? and representing 98.7% of all FGR >4
regions. Both taxa exhibit a strong preference for discontinuous
karst landscapes (D-Karst; Figure S1). Within D-Karst regions,
the mean richness values for cave fish (FGR=2.95) and bats
(BSR=15.43) are significantly higher than those in non-karst
landscapes (N-Karst; mean FGR=0.63, mean BSR=6.26) and
continuous karst landscapes (C-Karst; mean FGR=1.22, mean
BSR =7.76; Figure 1b,c).

3.2 | Richness Shifts of Cave Bat Species

Compared to the historical baseline (2010; Figure S3), the spe-
cies richness center (centroid weighted by species richness) of
cave bat is projected to shift northwestward in future periods
(Figure 2). Under the SSP5-8.5 scenario, the southeastern re-
gions will experience a severe richness decline (Richness change;
RC) (RC < —3) expanding dramatically from 43.05km? in 2050 to
242.21km? by 2090. In contrast, northwestern areas with signif-
icant richness gains (RC > 3) expand under both SSP1-2.6 and

@
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g 2
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2 4 Tengchong
0

“ 025102030 ( 500 km

Bat species richness l |

SSP5-8.5 scenarios, increasing by 482.29km? and 2972.51km?
in 2090 compared to 2050, respectively. Notably, extreme rich-
ness increases (RC >9) emerge exclusively under SSP5-8.5 2090,
covering 49.83km?, while all other scenarios combined show
negligible coverage (< 1km?) above this increasing threshold.

3.3 | Loss of Cave Fish Genera Richness
Intensified by Bat Migration

Climate change is projected to reduce cave fish genera rich-
ness, but this decline is dramatically amplified when account-
ing for concurrent cave bat range shifts (SSP5-8.5—Figure 3;
SSP1-2.6—Figure S5). Under climate-only scenarios, the area
experiencing substantial richness loss (RL) of cave fish (RL
>0.6) grows with escalating severity of climate change rang-
ing from 0.46km? (SSP5-8.5 in 2050s) to 6.00km? (SSP5-8.5
in 2090s). However, when predicting with combined impacts
of climate change and climate-induced bat migration, the area
with RL > 0.6 expands dramatically by factors of 12.04 (SSP1-2.6
in 2050s), 17.11 (SSP1-2.6 in 2090s), 47.61 (SSP5-8.5 in 2050s),
and 40.02 (SSP5-8.5 in 2090s) compared to the climate-only
projections. For instance, under SSP5-8.5 in 2090s, incorporat-
ing bat migration increases the RL >0.6 area from 6.00km? to
246.28km?. A similar trend of marked expansion of richness
loss occurs for areas with RL > 0.4 (Table 1).

4 | Discussion

Cave bat and cave fish are keystone faunal groups in subterra-
nean ecosystems, playing distinct yet complementary ecological
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FIGURE1 | Predicting richness distribution and mean richness of cave bat and fish taxa in different karst rock types. (a) Bivariate map showing
the spatial pattern of cave bat species richness and cave fish genera richness from 2001 to 2020; (b and c) Mean cave bat species richness and mean

cave fish genera richness in different karst rock types. N-Karst means non-karst landscapes; D-Karst means discontinuous karst rocks; and C-Karst

means karst rocks.
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FIGURE2 | Futurerichnesschange of cave batspecies under (a) SSP1-2.6 2050, (b) SSP1-2.6 2090, (c) SSP5-8.5 2050, and (d) SSP5-8.52090. SSP1-2.6
represents an optimistic scenario for sustainable development, while SSP5-8.5 reflects a pessimistic scenario driven by fossil fuel development.

roles. Cave bats act as critical vectors for nutrient and energy
transfer between surface and subsurface environments (Ferreira
and Martins 1999; Ferreira 2019; Culver and Pipan 2019), while
cave fish represent the most diverse and largest-bodied verte-
brate taxa inhabiting these habitats (Zhao et al. 2011). Using col-
lected occurrence data from 2001 to 2020, we developed SDMs
for 34 cave bat species and six cave fish genera across China.
These models enabled us to assess projected range shifts in cave
bats and their cascading effects on cave fish richness. Our find-
ings provide new insights into biodiversity loss under global
change, highlighting that the indirect ecological consequences
of climate change—mediated through disrupted species inter-
actions—may outweigh its direct physiological impacts on in-
dividual taxa.

Our model revealed climatic variables dominated cave bat distri-
bution, with annual precipitation contributing the most (40.2%),
followed by annual mean temperature (24.9%), aligning with
known climatic sensitivities in bats (Festa et al. 2023). Increased
rainfall may elevate flight energy costs and suppress emergence
behaviour (Voigt et al. 2011; Xiu et al. 2020), while also altering
cave microclimates. Similarly, temperature is critical for roost
selection in temperate bats (Arita and Vargas 1995; Vonhof and
Barclay 1996; Callahan et al. 1997), a factor likely extending to
subtropical and tropical species (Grytnes and McCain 2007). For
cavefish genera, bat species richness emerged as the strongest
predictor (43.8%), underscoring a symbiotic linkage between
these taxa. Spatially, both groups concentrate in southern China

(south of the Heihe-Tengchong Line; Figures la and S1), with
high cave fish genera richness area (e.g., FGR >3) nested en-
tirely within high bat richness zones. This spatial overlap re-
flects shared preferences for discontinuous karst microhabitats
and highlights cave bat's role in shaping the habitat suitability
of cave fish. For instance, bat guano forms the primary diet of
A. mexicanus (Kasumyan and Marusov 2015), while its accu-
mulation and decomposition can release acidic compounds that
modulate inorganic nutrient (e.g., phosphorus, nitrogen) and pH
in cave sediments and waters, thereby restructuring cave micro-
environment (Shahack-Gross et al. 2004).

Under future climate scenario, the richness center of Chinese
cave bat is projected to shift northwestward, with more pro-
nounced shifts under the high-emissions scenario (SSP5-8.5)
compared to the low-emissions pathway (SSP1-2.6; Figure 2).
This redistribution likely results from the combined influence
of multiple drivers. Under SSP5-8.5, rising temperature and
altered precipitation regimes are projected to degrade habitat
suitability in southeastern China, while northwestern regions
may develop more favourable microclimates—characterised by
moderate thermal regimes and stable humidity—creating new
refugia for cave bats (Ke et al. 2025). This aligns with global
trends of species shifting toward higher latitudes or elevations to
track suitable climates (Franco et al. 2006; Rédder et al. 2021).
Meanwhile, although land cover (LC) contributed modestly to
our models (5.6%), its role remains ecologically significant. The
reason for the lower importance of LC here is likely that the
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FIGURE3 | Future richness loss of cave fish genera under SSP5-8.5 2050 considering (a) only climate change and (b) both climate change and bat
migration; SSP5-8.5 2090 considering (c) only climate change and (d) both climate change and bat migration.

TABLE1 | Area of cave fish genera richness loss under C (Climate change) and C + B (Climate change and Bat migration) unit: km?.

SSP1-2.6 2050s

SSP1-2.6 2090s

SSP5-8.5 2050s SSP5-8.5 2090s

C C+B C C+B C C+B C C+B
<-1 0.00 0.08 0.00 0.10 0.00 0.03 0.00 0.40
-1to—-0.8 0.04 0.82 0.16 2.09 0.00 0.20 0.17 28.17
—-0.8to —0.6 2.06 26.54 4.24 77.49 0.46 21.90 5.83 217.71
—0.6to —0.4 42.08 271.36 52.72 346.79 9.09 174.17 108.39 536.84
—-0.4to —-0.2 1092.54 1185.30 1157.94 1219.73 607.73 734.86 1447.41 960.17
—-0.2to0 8337.31 7989.94 8258.99 7827.84 8856.77 8542.88 7912.25 7730.76

relationship between LC and bat habitats is indirect, with other
factors such as habitat structure and food availability playing a
more significant role. Cave bats rely on specific LC types, such
as intact forests for foraging, rendering them vulnerable to land-
scape fragmentation (Razgour et al. 2016; Bandara et al. 2022).
Thus, even localised LC changes in key habitats could com-
pound climate-driven range shifts (Ke et al. 2025). Furthermore,
although our model did not consider specific anthropogenic
pressures, such pressures could exacerbate the impact of LC
changes on cave bat habitats. For example, forest fragmentation
(land-cover change) might force bats to travel longer distances
for foraging, thereby increasing their exposure to roads (and

the risk of mortality) (Fensome and Mathews 2016; Kerth and
Melber 2009). The road network itself is also a key driver of land-
scape fragmentation (van Strien and Grét-Regamey 2025). This
cascading effect makes the impacts of multiple stresses synergis-
tic, and their total effect is often greater than the sum of the in-
dividual factors, a concept that has been confirmed by research
(Stone et al. 2015).

Climate change directly threatens biodiversity by altering tem-
perature and precipitation regimes, driving species toward ex-
tinction (Urban 2024; Sayer et al. 2025). However, its indirect
impacts—mediated through symbiotic relationships—are
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frequently overlooked, leading to significant underestimations
of extinction risks. While localised cave fish genus loss under ex-
treme scenarios rarely exceeds one genus (maximum impacted
area: 0.5km?), a richness loss greater than 0.6 could signal com-
plete loss of habitats supporting multiple genera. This could
equate to the extinction of over 20 cave fish species, given the
exceptional diversity of studied genera like Sinocyclocheilus (84
species) and Triplophysa (41 species) (Table S3; Appendix S1).
Critically, projected losses from climate-only models change
alone are dwarfed by those incorporating bat migration
(Figure 3; Figure S5). When bat redistribution is considered, the
affected area expands by tens of times, revealing that extinction
risks may be severely underestimated if critical food web link-
ages are ignored. Specifically, changes in bat abundance could
reduce guano-derived organic inputs, leading to food scarcity for
cave fish and thereby amplifying extinction risks. Such indirect
trophic cascades likely imperil other taxa in subterranean and
surface ecosystems, highlighting the urgent need to integrate
species symbiosis into global extinction risk assessments—a
critical step toward holistic conservation planning under global
change.

To account for fundamental biological differences between
cave bat and cave fish, we applied distinct modelling assump-
tions for their future richness projections. Cave bat richness
was modelled under unrestricted dispersal because of their
capability of long-distance movements, while cave fish rich-
ness was calculated under strict dispersal limitation, unable
to colonise new habitats or recolonize lost ones (Bai, Zhang,
Gan, Brosse, et al. 2025). As highly mobile migrants, bats
are among Earth's fastest-flying vertebrates, reaching speeds
of up to 160km/h (McCracken et al. 2016). For example,
Mexican free-tailed bats (Tadarida brasiliensis) can forage
up to 50km nightly from roosts (Williams et al. 1973), en-
abling rapid range adjustments to track shifting climates. In
contrast, although the exact dispersal ability of cave fish re-
mains poorly understood, long-distance movement is likely
implausible for these species, making persistence in situ their
only viable response to environmental change (Mammola
et al. 2019). Their survival is further constrained by thermal
specialisation: adaptations to stable cave microclimates leave
them vulnerable to minor temperature fluctuations (Novak
et al. 2014; Raschmanova et al. 2018), which can be lethal due
to absent thermoregulatory mechanisms (Mermillod-Blondin
et al. 2013). Habitat recovery is also severely limited, as their
physiology and life history are finely tuned to static subterra-
nean conditions.

While our study incorporated the dispersal ability of cave fish
into richness projections, several methodological limitations
need further consideration. Our modelling at genus-level may
overlook critical behavioural and ecological variation among
species within the same genus. Additionally, we did not differ-
entiate Stygobionts (obligate cave dwellers) and Stygophiles (fac-
ultative cave users), even though the latter often exhibit broader
distributions and greater dispersal capacity (Figures S6 and S7).
These limitations arise largely from data scarcity: sampling
cave fish requires accessing remote, hazardous caves often in
deep systems with great security challenges, and using labor-
intensive methods like netting or trapping (as indicated in our
cave survey work shown in Figure S8). These limitations also

reflect funding constraints, which restricted our field surveys
primarily to Guizhou Province. However, we recognise that
core karst regions in southern China (e.g., Guangxi, Yunnan,
Chongqing) are likewise important habitats for cave fishes
(Zhao et al. 2011), and future field efforts should be expanded to
these regions. Furthermore, uncertainties inherent in projecting
climate change impacts on species distribution (Lobo 2016) com-
pound the accuracy of our predictions. Cave ecosystems host
unique microclimatic variations, microevolutionary processes,
and biological interactions that are poorly quantified in macro-
scale models. A lack of understanding of these factors within
the caves would limit the accuracy and reliability of long-term
climate change predictions (Hoffmann and Sgro 2011; Maclean
et al. 2015; Merlin et al. 2018). To improve predictive accu-
racy, future studies should integrate cave-specific microhabitat
variables (e.g., sediment chemistry, hydrological stability) into
distribution models, bridging the gap between macroclimate
projections and subterranean ecological reality. Stygophiles and
Stygobionts differ in their tolerance to cave environments: the
former may occur in surface waters or have surface congeners
(Tobler et al. 2006), whereas the latter are restricted to caves and
thus more vulnerable. Their differences and connections war-
rant further investigation.

In terms of model construction, while our ensemble modelling
approach produced stable richness estimates with no evidence
of overfitting (Figure S2), the predictive performance of individ-
ual species models can be sensitive to the sampling of pseudo-
absence (PA) points, especially when presence records are few
(Barbet-Massin et al. 2012). Using only around 10 points (five
presence points + five PA points) to predict species distributions
across the entirety of China is unlikely to adequately capture
the environmental heterogeneity at the national scale. We there-
fore recommend that future studies consider using a PA num-
ber at least ten times the number of presence records, or even
more (Bai, Zhang, Xiong, Yang, et al. 2025; Zhou et al. 2025).
Additionally, there are many other statistics that can be used
to evaluate the generalisation capacity of SDMs, such as AUC,
Kappa, and True Skill Statistic (TSS). For instance, TSS >0.7
is also used as a threshold for filtering and weighting models
(Liu et al. 2024). However, AUC is threshold-independent, while
TSS is not (Franklin and Miller 2009). This means that AUC
is more objective and reliable than TSS. Additionally, evidence
suggests that TSS is significantly correlated with AUC to some
extent (Allouche et al. 2006). Based on these points, we chose
AUC in both our previous and current studies (Bai et al. 2024;
Bai, Zhang, Xiong, Yang, et al. 2025).
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