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Abstract
The taiga tick (Ixodes persulcatus) is a major vector of tick-borne pathogens in Mongolia and throughout
the Palearctic region. The current potential spatial distribution of this species in Mongolia is not clearly
understood. We compiled occurrence records from across Eurasia and Mongolia and applied a rigorous
MaxEnt modeling framework incorporating extensive parameter tuning and model selection. Median
ensemble predictions indicated a broad zone of climatic suitability extending from eastern
Fennoscandia and across Russia to Mongolia, northeastern China, and the Korean Peninsula. Within
Mongolia, northern, central, and northeastern regions exhibited the highest suitability. These findings
provide the high-resolution prediction of I. persulcatus distribution in Mongolia and offer a spatial
foundation for targeted tick surveillance and tick-borne disease prevention strategies.

Introduction
Ticks are among the most important arthropod vectors of disease affecting humans and domestic
animals worldwide1,2. Ixodes persulcatus, commonly known as the taiga tick, is a principal vector of
multiple zoonotic pathogens across the Palearctic region and represents a growing public health
concern in Mongolia3,4. The burden associated with I. persulcatus–borne infections has increased
steadily over recent decades, reflecting both ecological change and expanding human exposure5. This
species is implicated in the transmission of pathogens responsible for significant morbidity and
mortality, including Borrelia burgdorferi (Lyme disease), tick-borne encephalitis virus (TBEV), Anaplasma
phagocytophilum, and Borrelia miyamotoi3,6. Tick-borne encephalitis is among the most consequential

vector-borne viral diseases in Eurasia, with thousands of cases reported annually7. Unlike Ixodes ricinus,
I. persulcatus is associated with both European and Far Eastern subtypes of TBEV, the latter
characterized by substantially higher case fatality rates7–9. Recent detection of Candidatus Rickettsia
tarasevichiae in I. persulcatus ticks from northern Mongolia further underscores the emerging public
health risks linked to this vector10,11.

Mongolia shares extensive borders with Russia and China and supports a large nomadic pastoral
population that depends on livestock rearing. Livestock numbers in this region exceeded 57 million in
2024, and frequent close contact between herders, livestock, and wildlife creates favorable conditions
for the transmission of tick-borne pathogens4,12. Over the past two decades, both the number of fatal
tick-borne disease cases and their geographic extent have increased in Mongolia, with I. persulcatus
identified as the primary vector8,9,13. Further, molecular surveillance studies have revealed high rates of
pathogen co-infection in Mongolian I. persulcatus populations, with up to 40% of ticks carrying multiple
pathogens simultaneously14,15.

Climate change is increasingly recognized as a major driver of shifts in tick distributions16. Rising
temperatures over the past three decades have been associated with earlier seasonal activity, prolonged
transmission periods, and establishment of I. persulcatus in previously unsuitable regions of
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northeastern Asia5,17,18. These changes amplify human exposure risk and highlight the need for updated
spatial predictions to guide adaptive surveillance strategies19–21.

Understanding the spatial distribution of vector species is essential for effective disease prevention and
control22. Tick distributions are constrained by habitat suitability, which is shaped by climatic and
environmental conditions that influence development, survival, and population dynamics23,24. Species
distribution modeling provides a powerful framework for predicting potential distributions based on
environmental correlates of known occurrences25,26. Among available tools, the MaxEnt algorithm is
widely used for tick habitat suitability modeling because of its strong performance with presence-only
data and small sample sizes20,21,27–31. However, nationwide mapping of suitable habitat for I.
persulcatus in Mongolia remains limited despite recent regional studies documenting changing patterns
of TBE incidence and tick activity9,32.

In this study, we calibrated ecological niche models using the broad Eurasian distribution of I.
persulcatus and transferred these models to Mongolia to estimate its potential distribution. By
integrating extensive occurrence data with a rigorous model selection procedure, we aimed to provide
the high-resolution, statistically robust prediction of climatic suitability for I. persulcatus in Mongolia,
thereby supporting improved surveillance and control of tick-borne diseases.

Results
Occurrence data and preprocessing

The Global Biodiversity Information Facility (GBIF) dataset yielded 587 occurrence records spanning
Finland, Sweden, Ukraine, Latvia, Estonia, Belarus, Lithuania, Russia, Kazakhstan, Kyrgyzstan, China,
Japan, and Mongolia, reflecting the broad Palearctic distribution of I. persulcatus (Fig. 1). An additional
20 records were obtained from the National Center for Zoonotic Diseases (NCZD), resulting in 607
records initially. One record lacking geographic coordinates was removed, leaving 606 unique records.
After cleaning and removal of duplicates and minor spatial mismatches, 406 unique records remained,
consistent with recommended data preprocessing workflows for ecological niche modeling28,33.

Spatial thinning reduced the datasets to 261 occurrences (10 km), 199 occurrences (20 km), and 164
occurrences (30 km), effectively minimizing spatial clustering while retaining adequate sample sizes for
robust model calibration33,34. For each thinned dataset, 495 candidate models were evaluated. Three
models met all selection criteria for the 10 km dataset, and five models were retained for each of the 20
km and 30 km datasets. Selected models had regularization multipliers ranging from 0.1 to 1.0 and
included linear, quadratic, and product feature classes, indicating that moderately flexible response
functions best captured the species–environment relationships28,35.

Median ensemble predictions revealed a broad zone of climatic suitability extending from eastern
Fennoscandia and across Russia to Mongolia, northeastern China, and the Korean Peninsula (Fig. 2).
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Within Mongolia, northern, central, and northeastern regions exhibited the highest predicted suitability
(Fig. 3), aligning closely with known TBE-endemic areas and regions where I. persulcatus has been
previously reported8,9. At the Eurasian scale, uncertainty of predicted suitable areas was concentrated in
Afghanistan, Tajikistan, Kyrgyzstan, Turkey, Georgia, and most notably in China (Fig. 4). In Mongolia,
uncertainty was localized in Bulgan and Arkhangai provinces, although the value of the range remained
low (Fig. 5).

Across selected models, habitat suitability was driven primarily by nonlinear responses and interactions
among principal components.

Model selection and performance

Selected models had regularization multipliers ranging from 0.1 to 1.0 and included linear, quadratic, and
product feature classes. All retained models were statistically significant (partial ROC, p < 0.05) and
satisfied omission rate thresholds (≤ 5%). Ensemble agreement was highest across boreal and forest-
steppe zones.

Predicted distribution patterns

The quadratic term of PC3 emerged as the strongest predictor, indicating a unimodal response along
this environmental gradient. Interactions between PC1 and PC2 consistently ranked second in
importance, highlighting multidimensional niche structure and reinforcing the importance of considering
interaction effects in ecological niche modeling28,35 (Supplementary Table S1). Response curves for all
PCs exhibited unimodal shapes, with maximum suitability at intermediate values (Fig. 6), a pattern
commonly observed in ectothermic arthropods constrained by physiological tolerances23,33.

Principal component analysis (PCA) was used to summarize the correlation structure among the
bioclimatic variables prior to modelling. The first four principle components (PC1-PC4) together
explained 95.4% of the total climatic variance. PC1 and PC2 accounted for the largest proportion of
variation (66.2%), indicating that a limited number of climatic gradients capture most of the variability in
the environmental space. PC3 and PC4 captured additional variability related to precipitation intensity
during the wet season and temperature variability, respectively. The loadings of the original bioclimatic
variables on each axis are allowing evaluation of the contribution of individual climatic variables to the
PCA axes (Supplementary Table S2 and Supplementary Table S3). The distribution of occurrence records
along the first two PCA axes shows how tick occurrence points are positioned relative to the major
climatic gradients represented by the PCA components (Supplementary Fig. S1). Climatic variables
associated with temperature extremes and seasonality exhibited the strongest loadings on PC1,
whereas precipitation-related variables contributed more strongly to PC2. Most occurrence records
clustered within a relatively narrow region of the environmental space, indicating that the species
occupies a restricted climatic niche primarily associated with cold continental climates24,36.
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Discussion
Using a rigorously calibrated MaxEnt modeling framework and a comprehensive, multi-source
occurrence dataset, this study provides the first high-resolution prediction of the potential distribution of
I. persulcatus in Mongolia. Ensemble projections revealed a continuous band of climatically suitable
habitat extending from eastern Fennoscandia and the Baltic region across boreal and temperate Russia
into Mongolia, northeastern China, and the Korean Peninsula. This spatial pattern closely mirrors the
well-documented Palearctic range of the taiga tick and reinforces its ecological affinity for cool, humid,
and seasonally variable environments characteristic of boreal and forest-steppe biomes3,4,18,20.

Within Mongolia, predicted suitability was highest in northern, central, and northeastern provinces,
including Hentii, Dornod, Suhbaatar, Uvurhangai, Huvsgul, Bulgan, Arhangai, Selenge, Orhon, Tuv, and
Darhan-Uul. These regions are dominated by taiga and forest-steppe ecosystems with relatively cool
summers, adequate summer precipitation, and stable humidity conditions that favor off-host survival,
successful molting, and sustained questing activity2,36,37. The emergence of northeastern Mongolia as a
high-suitability zone is particularly noteworthy, as this region forms an ecological corridor connecting
suitable habitats in southern Siberia with those in northeastern China. Such transboundary continuity
suggests that population connectivity and gene flow may facilitate the spread of both ticks and tick-
borne pathogens across national borders, underscoring the importance of coordinated international
surveillance and control efforts3,17,18,20.

Previous studies have modeled the potential distribution of I. persulcatus at a global scale3. For instance,
Wang et al. used MaxEnt to identify key climatic predictors and predicted suitable habitats globally,
including parts of Mongolia3. However, global-scale models often rely on relatively sparse occurrence
records from Mongolia and therefore may not fully capture local ecological conditions. By using a
regionally calibrated modeling framework and updated occurrence data, our results provide more
detailed and spatially refined assessment of climatically suitable habitats for I. persulcatus in Mongolia.
This regional approach improves the understanding of the species’ ecological niche within Mongolia and
helps identify areas where surveillance and tick-borne disease monitoring may be particularly important.
Precipitation-related variables exerted a dominant influence on predicted suitability, with declines
observed under both insufficient and excessive rainfall regimes. Adequate summer precipitation is
critical for maintaining high relative humidity within forest litter and understory vegetation, which in turn
supports egg viability, larval survival, and prolonged host-seeking behavior2,37. These findings are
consistent with experimental and field-based studies demonstrating that desiccation stress is a primary
limiting factor for ixodid ticks and that moisture availability often constrains their southern and western
range margins19,21,24. Conversely, excessive precipitation may disrupt microhabitat stability, increase
fungal growth, and reduce host availability, thereby lowering habitat suitability25,37.

Temperature-related gradients also played a key role in shaping the modeled niche of I. persulcatus. The
unimodal responses observed across principal components suggest that both extreme cold and
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excessive warmth impose physiological constraints on development and survival23,33. Cold-season
severity, continentality, and temperature seasonality emerged as major contributors, reflecting the
species’ adaptation to environments with long winters and pronounced seasonal contrasts3,36. However,
warming trends associated with climate change are likely to shift these optimal conditions northward
and to higher elevations, potentially enabling further expansion into previously unsuitable areas of
central and eastern Mongolia. Such dynamics are consistent with recent empirical evidence
documenting earlier seasonal activity, extended questing periods, and elevational range shifts in I.
persulcatus and other temperate tick species5,17,18,21.

However, variation among the three model projections (Fig. 4) suggests the presence of uncertainty in
predicted suitable areas at the Eurasian scale. The moderate uncertainty concentrated in Afghanistan,
Tajikistan, Kyrgyzstan, Turkey, Georgia, and most notably in central and southern part of China. These
regions are characterized by strong environmental gradients and complex topography, which can
challenge niche-based modeling approaches and lead to increased variability among model outputs25,38.
Furthermore, sparse and uneven occurrence data in several of these areas likely amplified model
sensitivity and contributed to greater prediction uncertainty21,25,38. In contrast, predicted suitable areas
within Mongolia exhibited relatively low uncertainty, indicating strong agreement among selected
models and suggesting robust suitability estimates. Overall, regions with low uncertainty represent more
reliable suitability predictions, whereas high-uncertainty areas should be interpreted cautiously and
prioritized for enhanced field surveillance to improve future modeling efforts.

The public health implications of these findings are substantial. I. persulcatus is the principal vector of
tick-borne encephalitis virus in Mongolia, and reported incidence of TBE is highest in provinces that
closely overlap with the predicted high-suitability zones identified here, including Selenge, Bulgan,
Darhan-Uul, and Orhon8,9,39. Human exposure risk is strongly shaped by occupational and recreational
activities prevalent in forested regions, such as herding, forestry, pine nut and wild plant collection, wood
gathering, and mining4,40. In addition to TBEV, I. persulcatus in Mongolia transmits a diverse assemblage
of pathogens of veterinary and public health importance, including Babesia spp., Anaplasma
phagocytophilum, Borrelia burgdorferi, Borrelia miyamotoi, Candidatus Neoehrlichia mikurensis, and
Candidatus Rickettsia tarasevichiae6,10,14,41. The high frequency of pathogen co-infections documented in
Mongolian tick populations further amplifies the risk of complex clinical presentations and diagnostic
challenges, particularly in resource-limited rural settings14,42.Candidatus Rickettsia tarasevichiae6,10,14,41.
The high frequency of pathogen co-infections documented in Mongolian tick populations further
amplifies the risk of complex clinical presentations and diagnostic challenges, particularly in resource-
limited rural settings14,42. From a One Health perspective, the convergence of suitable tick habitat, dense
livestock populations, and nomadic pastoral practices creates a landscape of heightened zoonotic risk.
Livestock serve not only as blood-meal hosts that sustain tick populations but also as potential
reservoirs or sentinels for several tick-borne pathogens4,40. Economic impacts linked to tick infestations
and tick-borne infections in livestock—including reduced milk and meat production, anemia, abortion,
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and mortality—compound the public health burden and highlight the need for integrated surveillance
strategies that jointly monitor ticks, wildlife, livestock, and human populations20,43–45.

The habitat suitability maps generated in this study provide a practical foundation for risk-based
allocation of public health and veterinary resources. Prioritizing surveillance in areas where high human
activity overlaps with predicted high suitability for I. persulcatus could improve early detection of
emerging foci and enhance the efficiency of prevention efforts20,22. In Mongolia, many high-risk regions
are sparsely populated and have limited healthcare infrastructure, increasing the likelihood of
underdiagnosis and underreporting of tick-borne diseases4,8. Establishing sentinel surveillance sites,
conducting seroprevalence studies in humans and animals, and integrating tick monitoring into existing
public health programs would help validate model predictions and refine estimates of true disease
burden11,20,39.

Several limitations should be acknowledged. First, the MaxEnt approach is inherently correlative and
does not explicitly model the physiological mechanisms governing tick survival, reproduction, or
dispersal26,27. Second, our models rely primarily on broad-scale climatic variables and do not incorporate
finer-scale determinants of microhabitat suitability, such as vegetation structure, land use, soil moisture,
and host community composition20,24,28. As a result, the predictions represent climatic suitability rather
than realized tick density or direct human exposure risk. Third, the occurrence data used here, although
extensive, are subject to spatial sampling biases and temporal heterogeneity that may influence model
outcomes33,34. Incorporating bias-correction techniques, high-resolution land cover data, and
mechanistic components in future modeling efforts would likely improve predictive accuracy21,28,46.

Finally, climatic suitability alone does not equate to disease risk. Pathogen prevalence in tick
populations, human behavior patterns, vaccination coverage against TBE, and access to healthcare
services all modulate observed disease outcomes7,22,39. Integrating these epidemiological and socio-
behavioral factors with predicted tick distributions would enable development of more comprehensive
risk assessment frameworks for tick-borne diseases in Mongolia20,25. Despite these limitations, our
findings provide a critical baseline for understanding the spatial ecology of I. persulcatus and for guiding
evidence-based interventions aimed at mitigating the growing burden of tick-borne diseases across the
region.

This study provides robust, high-resolution predictions of climatically suitable habitat for Ixodes
persulcatus across Eurasia, with a particular focus on Mongolia, using a rigorously calibrated MaxEnt
modeling framework and comprehensive model selection procedures. The results confirm the species’
strong association with boreal and temperate forest zones extending from eastern Fennoscandia to the
Russian Far East and identify northern, central, and northeastern Mongolia as regions of high potential
suitability. These areas overlap closely with known foci of tick-borne encephalitis and regions where I.
persulcatus and multiple tick-borne pathogens have been previously documented, underscoring the
public health relevance of the predicted patterns.
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By filling a critical knowledge gap in tick ecology and distribution in Mongolia, this work offers an
essential baseline for future entomological surveys, disease surveillance programs, and risk-based
public health and veterinary interventions. The habitat suitability maps generated here provide a practical
foundation for prioritizing surveillance in high-risk regions, optimizing resource allocation, and
supporting transboundary monitoring efforts with neighboring countries. Integrating these predictions
with epidemiological, ecological, land-use, and socio-behavioral data will be key to improving prevention
and control of tick-borne diseases in Mongolia and across the broader Palearctic region, particularly in
the context of ongoing climate change.

Methods
Tick occurrence data

Occurrence records for I. persulcatus were obtained from the GBIF and the NCZD in Mongolia. The GBIF
dataset comprised records collected between 1946 and 2025 across Eurasia47 whereas the NCZD
dataset included records from Mongolia collected between 2017 and 2019. All records included
geographic coordinates in decimal degrees. Data were screened to remove duplicates and records with
erroneous or imprecise locations, following standard best practices for species distribution
modeling28,33.

To define the area accessible to the species (M), we delineated regions within 2.25° (~ 250 km) of known
occurrence points using the Grinnell package in R. This accessible area represents the region plausibly
reached by the species through dispersal over relevant time scales and constitutes the appropriate
geographic extent for model calibration and evaluation48,49.

To reduce spatial autocorrelation and minimize sampling bias, we applied spatial thinning using three
distance thresholds (10 km, 20 km, and 30 km) with the spThin package in R34. The thinning procedure
was repeated three times for each threshold, retaining randomly selected representative occurrence
locations and generating three independent occurrence datasets, a strategy shown to improve model
robustness and reduce overfitting33,46.

Environmental data

Bioclimatic variables were obtained from WorldClim at a spatial resolution of 2.5 arc-minute, a resolution
commonly used in continental-scale ecological niche modeling20,21,25. Maximum temperature, minimum
temperature, and precipitation variables were included. Variables known to exhibit spatial artifacts
(mean temperature of wettest quarter - bio8, mean temperature of driest quarter - bio9, precipitation of
warmest quarter - bio18, precipitation of coldest quarter - bio19) were excluded to avoid spurious model
behavior50. Fifteen bioclimatic variables were retained to capture climatic heterogeneity within the
accessible area. To reduce multicollinearity and improve model interpretability, we conducted principal
component analysis (PCA) on the selected variables28,35. The first four principal components (PC1–
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PC4), explaining 95% of the total variance, were retained for model calibration. Univariate response
curves were generated to examine relationships between environmental gradients and predicted
suitability.

Ecological niche modeling

Ecological niche models were developed using the MaxEnt algorithm implemented in the dismo package
in R. Given the sensitivity of MaxEnt to parameterization and feature selection, we conducted a detailed
model selection procedure using the kuenm package27,51. We evaluated all combinations of
regularization multiplier values (0.1, 0.25, 0.5, 0.75, 1–5), feature class combinations (linear, quadratic,
product, threshold, hinge), and the selected predictor set. In total, 495 candidate models were calibrated
for each occurrence dataset.

Models were evaluated and selected based on three criteria: (1) statistical significance using partial ROC
tests, which provide a robust alternative to conventional AUC for presence-only data26; (2) predictive

performance measured by omission rates at a 5% threshold35; and (3) model complexity assessed using
the Akaike Information Criterion corrected for small sample sizes (AICc), based on 10-fold cross-
validation35,52. Final models were required to be statistically significant, have omission rates ≤ 5%, and
fall within 2 AICc units of the best-performing model. Selected models were transferred to the broader
Eurasian region and to Mongolia. Median ensemble predictions from the retained models were used as
the basis for interpretation, following best practices for reducing uncertainty in model projections20,21,25.
Uncertainty in predicted suitable areas was assessed using the pixel-wise range (maximum-minimum)
across selected model outputs.
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Figure 1

Occurrence locations of Ixodes persulcatus used for calibration of ecological niche models and the
accessible area (M) defining the model calibration region. Points represent cleaned and spatially filtered
occurrence records compiled from GBIF and Mongolian surveillance data. The shaded polygon indicates
the estimated dispersal-accessible area used for model calibration.
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Figure 2

Predicted potential distribution of Ixodes persulcatus across Eurasia based on median ensemble
agreement from best-fitting MaxEnt models. Colors represent the number of models predicting
suitability in each pixel (1–3), yellow color indicate highest model agreement and greatest climatic
suitability.
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Figure 3

Predicted potential distribution of Ixodes persulcatus in Mongolia derived from median ensemble
agreement of best-fitting MaxEnt models. Colors represent the number of models predicting suitability in
each pixel (1–3),yellow color indicate highest agreement and highest climatic suitability. High-suitability
regions are concentrated in northern, central, and northeastern Mongolia. Black dots represent
occurrence records of Ixodes persulcatus.
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Figure 4

Uncertainty of predicted suitable areas of Ixodes persulcatus across Eurasia. Colors from purple to
yellow indicate progressively higher uncertainty quantified as the pixel-wise range (maximum minus
minimum) of predicted suitability values across models.
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Figure 5

Uncertainty associated with the predicted suitable areas of Ixodes persulcatus in Mongolia. Colors from
purple to yellow represent prediction uncertainty quantified as the pixel-wise range (maximum minus
minimum) of predicted suitability across models. Areas with a range of ≤ 0.2 were considered to have
low uncertainty.
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Figure 6

Model response curves for principal components (PC1–PC4) summarizing climatic predictors.
Environmental variables were reduced using principal component analysis, and the first four
components explaining 95% of total variance were retained. Curves depict marginal effects, showing
how predicted suitability changes along each component while other predictors are held constant at
their mean values. Dashed vertical lines indicate the range of PC values observed at occurrence
locations. (a) PC1: suitability peaks at intermediate values reflecting cold-season severity and
continentality. (b) PC2: unimodal response associated with warm-season temperature and wet-season
precipitation. (c) PC3: narrow tolerance range linked to wet-season rainfall intensity. (d) PC4: broad
unimodal response associated with temperature variability.
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