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ABSTRACT

Dirofilaria repens is a zoonotic parasite expanding across Europe due to climate change. We hypothesised that in this process, the
Carpathian Basin has a facilitating effect. Using 426 georeferenced European cases, the probability of infection occurrence was
determined in relation to climatic factors, surface water availability, regional social deprivation, and stray dog population density.
To analyse the potential impacts of ecological and social factors (deprivation and stray dog population density), the MaxEnt
algorithm, and spatial Empirical Bayes smoothing and bivariate local indicators of spatial association (BiLISA) index calculation
were employed, respectively. MaxEnt analysis revealed that the mean warmest month temperature (MWMT; 22.8-25.1°C), winter
mean minimum temperature (>—2.1°C), and summer precipitation (28.6-231 mm) have the strongest impact on the probability of
the parasite’s occurrence in Europe. Social factors have significance in the eastern Balkans and the Carpathian Basin, but not in
Western Europe. The Carpathian Basin appears to be a hotspot, similar to Mediterranean coastal areas. Furthermore, the Danube
Valley acts as an ecological corridor for subtropical vector-borne parasites. Our findings confirm that summer warmth is the
primary ecological driver of the parasite’s range expansion, which is facilitated by the Carpathian Basin due to climatic and
socioeconomic conditions.

1 | Introduction central nervous system [6] may generate severe complications.

. . . . . . Besides climatic factors, socioeconomic conditions are increas-
Human dirofilariasis, caused by Dirofilaria repens, is a rapidly

expanding zoonotic parasitosis in Europe [1, 2]. It is agreed
that the coexistence of canid reservoirs, vector populations, and
appropriate conditions for larval development in vectors is essen- northward expansion is not uniform; certain European regions
tial for the formation of endemicity [3]. Although the clinical ~ appear to have a high risk despite a dry continental climate with
manifestations of the infection in humans are predominantly ~ harsh winters. This is evidenced by case clusters observed in Kyiv
mild, lesions affecting the eye, internal organs [4, 5], or the and Dnipropetrovsk, Ukraine [10], Sofia, Bulgaria [11], and along

ingly suspected as drivers of disease transmission [7-9], thereby
altering the parasite’s geographic range. Consequently, the
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the Austrian-Hungarian border [12]. Specifically, the Carpathian
Basin has been proposed as a central corridor facilitating the
successful range expansion of D. repens, given that the majority
of cases in both Slovakia and Austria have been concentrated
along their shared borders with Hungary, the central country
of the Basin.

As a vector-borne infection transmitted by mosquitoes, D. repens
is highly sensitive to climate change. In Europe, Aedes vexans,
Aedes sticticus, Aedes (Ochlerotatus) caspius, Culex pipiens s.l.,
Anopheles maculipennis s.., and Anopheles hyrcanus are the
most frequently reported potential vectors of the parasite [1].
The predominant vector species, Ae. vexans is a common flood-
water mosquito [13, 14]. Its primary biotopes are temporary
freshwater basins created by seasonal river floods, snowmelt, or
heavy rains. Females lay eggs on damp soil near these ephemeral
ponds, which can remain viable for years until inundation trig-
gers massive larval hatching. Ae. vexans can tolerate drying as its
larvae have shown remarkable survival even in humid soil [15]. It
is one of the most widespread pest mosquitoes globally. Due to
the wide tolerance to humidity, Ae. vexans occupies wet-prairie
habitats in North America [16] and is predicted to emerge in
North African territories [17]. Owing to its migration potential,
freshly hatched Ae. vexans individuals can fly up to 15km from
their breeding sites seeking blood meals [13]. Together with Ae.
caspius, which is also a floodwater mosquito, Ae. vexans benefits
from stormwaters of extreme weather events and artificial flood-
ing, for example, ricefields [14].

Culex pipiens s.1. is widely distributed in temperate regions across
the northern hemisphere [17, 18], where it usually breeds in
anthropised habitats. In Europe, the Culex pipiens complex (Cx.
pipiens s.1.) consists of several species, including Culex pipiens s.s.
(Linnaeus, 1758) and Culex quinquefasciatus (Say, 1823) [19]. In
addition, for Cx. pipiens s.s., two biotypes are recognised as Cx.
pipiens biotype pipiens and Cx. pipiens biotype molestus. The Cx.
pipiens biotype pipiens is typically associated with aboveground
habitats, such as standing water in clogged gutters or artificial
containers, and may exhibit a bird-biased blood-feeding pattern
[20, 21]. In contrast, Cx. pipiens biotype molestus (Forskal, 1775)
is frequently found in underground habitats, such as basements,
tunnels, and sewers. These two Cx. pipiens biotypes are capable of
interbreeding [17, 19, 20].

Among the potential vectors of D. repens, An. maculipennis s.l.
depends on the availability of open surface waters, woodlands
and shrublands, and farm buildings for a successful life cycle
[22]. Although climatic conditions are suitable for its maintenance
on most of the European continent [23], the mosquito’s land-use
preference results in fragmented distribution [24]. Current climate
change facilitates the northward distribution of Anopheles mosqui-
toes [24, 25]; conversely, within their historical Mediterranean
range, their occurrence probabilities may decline [23].

Some studies have raised the possibility that the epidemiological
dynamics of D. repens might be affected by the socioeconomic
deprivation of the local community, primarily due to the sur-
rounding dense stray dog population [11, 26]. Besides free-roam-
ing dogs, marginalised social groups face other risk factors, such
as poor education, low public health standards, and financial
vulnerability, all of which exclude even owned dogs from

protection against microfilarial infection [7, 27]. Regarding Dir-
ofilaria immitis, the socioeconomic factor is well documented [8,
9, 28], while it has not been evaluated directly in the case of
D. repens.

The Carpathian Basin is located in the centre of the European
continent, geographically bounded by the Carpathian Moun-
tains, the Alps, the Dinaric, and the Balkan Mountains [29, 30].
This area has played a central role in human migration [31, 32].
Biogeographical studies have proven that both plant [33, 34] and
animal species [35] utilised the Carpathian Basin as a dispersion
route from the Mediterranean zone northward. Furthermore,
this central zone of Europe has also contributed to the spread
of diseases [36-38].

Throughout human history, the Carpathian Basin has been a melt-
ing pot of nations at the southeastern entrance to Europe. There-
fore, its disease-accumulating and transmitting roles were a direct
consequence of its geographical location. Currently, another aspect
of the Carpathian Basin’s uniqueness is highlighted. Global climate
change affects certain regions differently. Although there is a con-
sensus that the Arctic and mountainous regions are the most
affected [39], the Carpathian Basin is also considered an extremely
vulnerable region in Europe [30]. According to predictions, severe
warming and aridification are expected [40, 41], alongside a paral-
lel increase in flood risk, due to the projected elevation of precipi-
tation in the Carpathians [30, 42]. These expected climate
alterations might facilitate the reproduction of disease vectors, pre-
dominantly floodwater mosquitoes, like Ae. vexans and Ae. caspius,
as has been observed in flood-impacted regions of Europe [13, 14].

Besides the climatic effect, the epidemiological risk of certain
diseases is enhanced by the socioeconomic vulnerability of mar-
ginalised societal strata living in the region. Prior to the April
2026 elections, Hungary experienced a 16-year period under an
autocratic governance model, which contributed to the severe
social deprivation of the lowest-income communities and the
widening of the poverty gap [43]. This long-standing kleptocracy
resulted in systemic deficiencies in welfare redistribution [43, 44]
and a decline in the overall educational attainment of the popu-
lation [45, 46]. Consequently, wide segments of society have been
left behind, effectively excluded from regular health services,
quality education, and the opportunity for social mobility [43,
45]. Although mitigating the poverty gap is among the priorities
of the new government, addressing these deep-rooted socioeco-
nomic health risks within the Hungarian society is expected to be
a long-term process.

Based on the literature, we hypothesise that the Carpathian Basin
plays a significant role in channelling D. repens northwards from
the Balkans into the continental interior. Furthermore, our sub-
hypotheses are that both climatic and socioeconomic factors
facilitate this process. To test these hypotheses, published data
on European cases [1], along with 145 Hungarian cases, were
analysed using MaxEnt models to identify the potential ecologi-
cal drivers of D. repens transmission across Europe, with a par-
ticular focus on Hungary, to highlight the potential role of the
Carpathian Basin in the dissemination of the parasite. In addi-
tion, infection risks within specific European administrative
units were correlated with their respective social deprivation
indices and estimated stray dog populations.
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2 | Materials and Methods

To achieve the objectives of our research, a sequential data anal-
ysis process was conducted, as demonstrated in the flowchart
in Figure 1. The baseline dataset, utilised in this study, and the
supplementary files are available in the Zenodo repository
(https://zenodo.org/records/21054890).

2.1 | Ecological Niche Modelling (ENM)

MaxEnt software is a multi-purpose machine learning tool [47]
that models the geographic distribution of a species using geore-
ferenced occurrence points. The method can also be used with
high confidence for disease mapping [48-50]. The occurrence
points, along with environmental variables, serve as the input to
the ENM. By selecting environmental variables, a prediction can
be made that indicates the suitability of habitats for the occurrence
of a given species or disease with high accuracy [47, 51].

2.1.1 | Occurrence Data

For the modelling, we used human cases of dirofilariasis (Dirofilaria
repens) (n=1199) that were documented in Europe between 1885
and 2025 [1]. A significant proportion of the recorded cases occurred
between 1990 and 2025 (n=1013). In the case of Hungary, we used
retrospective data obtained from the database of the National Refer-
ence Laboratory of Medical Parasitology (NLR, Department of Bac-
teriology, Mycology and Parasitology, National Centre for Public
Health and Pharmacy). The Hungarian database contains epidemi-
ological information on all D. repens specimens that were submitted
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to the NLR for parasitological laboratory confirmation of suspected
cases. The NLR used morphological features [2, 52] to identify
D. repens. For this study, only aggregated epidemiological data,
numbers of patients by postal codes, were assigned to the authors.
Since all these data have been utilised in the regular communication
activities of the National Centre for Public Health and Pharmacy
and no identifiable personal patient information was disclosed, this
study did not require specific ethical approval or special permission.
Before processing, all duplicate items (Hungarian NLR data pub-
lished by Hattendorf and Liihken [1]) were removed from the
dataset.

To model disease occurrence, the ENM method was used. For
settlement-level data, we used the settlement’s central coordinate
in the analyses. In the first step, spatial thinning (a minimum
distance of 5 km) was applied to the entire set of points to reduce
spatial autocorrelation. The study area (M-space) was defined as
a 100 km buffer zone around the retained points. This constituted
the environmental space in which the discourse could thereby
reduce bias from background sampling during the learning of the
applied algorithm.

2.1.2 | Environmental Variables

Twelve bioclimate variables and one land cover variable were used
for the modelling. The climate data, covering the period 1992-2020,
were obtained from the ClimatEU database (https://sites.ualberta.
ca/~ahamann/data/climateeu.html, accessed on 14 June 2026). The
only land-cover variable was the proportion of surface water,
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FIGURE 1 | Methodological flowchart showing the data analysis processes.
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determined using the CORINE Land Cover 2018 (CLC2018) data-
base (Table 1).

The data were used as raster projections. Since the climatic and
land cover variables were available at different spatial resolu-
tions, it was necessary to standardise the rasters to ensure model-
ling accuracy and compatibility across layers. For this unified
spatial analysis base, we chose a resolution of ~2 km (75 arcsec).

The accuracy of the model can be greatly affected by the multi-
collinearity among variables [53]. We have addressed this issue
with two-stage filtration, based on the pairwise Spearman correla-
tion coefficients (threshold: |p| < 0.8) and then using the variance-
inflation factor (VIF) (threshold: VIF <5) [54]. As a result of the
filtering, six variables remained for modelling: mean warmest
month temperature (MWMT), winter mean minimum tempera-
ture (Tmin_wt), summer heat-moisture index (SHM), amount of
summer precipitation (Prec_sm), spring precipitation (Prec_sp),
and proportion of surface water (SW_prop). Collinearity screening
was performed with the usdm [55] and terra [56] R packages.

2.1.3 | Model Building and Model Selection

The ENM building was carried out using the MaxEnt algorithm
[47], which estimates the relative probability of species occur-
rence based on available environmental conditions using the
principle of maximum entropy. To optimise and evaluate the
model, we used the ENMeval R package [57], which systemati-
cally tests combinations of feature class (FC) and regularisation
factor (RM) and evaluates the model’s predictive performance
using spatial partitioning methods.

The model selection was carried out using a cascading variable
reduction strategy. Four nested sets of variables (6-, 5-, 4-, and 3-

TABLE 1 | Potential explanatory variables involved in the ecological
niche modelling of human dirofilariasis in Europe.

Variable Definition

CMD Hargreaves climatic moisture deficit

MCMT Mean coldest month temperature (°C)

MSP Mean summer (May to September) precipitation
(mm)

MWMT Mean warmest month temperature (°C)

Prec_at Autumn precipitation (mm)

Prec_sm Summer precipitation (mm)

Prec_sp Spring precipitation (mm)

SHM Summer heat-moisture index (MWMT)/(MSP/1000))

Tmax_at Autumn mean maximum temperature (°C)
Tmax_sm Summer mean maximum temperature (°C)
Tmax_sp Spring mean maximum temperature (°C)
Tmin_wt Winter mean minimum temperature (°C)

SW_prop Surface water proportion (the summarised proportion
of water courses [CLC2018 class: 511] and water
bodies [CLC2018 class 512])

predictor models) were evaluated, with stepwise removal of the
least informative variables. The order in which the variables were
removed was determined based on three combined criteria: per-
cent contribution (PC), permutation importance (PI) and jack-
knife method. A variable was removed when all three indicators
showed low values simultaneously [58].

A total of 120 model configurations were tested using the same
settings, such as six feature-class combinations (L: linear, Q: qua-
dratic, H: hinge, LQ: linear-quadratic, LH: linear-hinge, and LQH:
linear-quadratic-hinge) and five regularisation factors (RM = 1-5).
During the process, we used chequerboard spatial partitioning
with a 44 grid cell aggregation. This method divided the study
area into regular complementary blocks, which ensured the spatial
independence of the training and validation data. The number of
background points was 50,000. Model building was performed
using MaxEnt software (version 3.4.4) within the ENMeval frame-
work, with the terra and rJava R packages [59].

2.1.4 | Model Evaluation and Comparison

The best model selection was based on the AICc (corrected
Akaike Information Criterion), which accounts for both the mod-
el’s fit and complexity. A lower AICc indicates a better model. If
the delta AUC was <2 between the two models, they were con-
sidered statistically equivalent [60]. The following indicators
were used to evaluate the models:

o Area Under the ROC Curve (AUC): measures the model’s
ability to discriminate, that is, its ability to distinguish
between suitable and unsuitable areas. A model was con-
sidered a failure if 0.5 < AUC < 0.6, poor if 0.6 < AUC < 0.7,
fair if 0.7 < AUC < 0.8, good if 0.8 < AUC < 0.9, or excellent
if 0.9 < AUC [61].

« Continuous Boyce Index (CBI): evaluates the calibration of
the model, that is, the extent to which the predicted fitness
values correlate with the density of the points of occurrence.
A CBI >0.7 is acceptable; a CBI >0.9 indicates excellent
calibration [62].

« 10% omission rate: the proportion of known points of occur-
rence that the model mistakenly indicates as unfit at the
10th percentile threshold. The ideal value was ~0.10 [63].

« Number of coefficients (ncoef): the number of parameters in
the model, which is a direct indicator of model complexity. A
lower coefficient indicates a lower risk of overfitting [64].

« w.AIC (Akaike weight): the relative probability of a given
model configuration among all tested configurations. A
value >0.9 indicates a clear selection [60].

For a final comparison between the variable sets, the selected
best configurations were also run with 10x cross-validation in
MaxEnt. During the run, the sampling points were weighted
75:25 between the M-area (calibration area) and the non-M-
area (projection area) to focus model training on the biologically
relevant background [65]. From the results obtained, additional
indices were formed for the selection of the final model.

o Test AUC: the mean AUC calculated on test sets of 10x
cross-validation.
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« True skill statistic (TSS): the sum of sensitivity + specificity-
1, calculated on the threshold of maximum training
sensitivity + specificity. TSS >0.6 indicates good predictive
performance [66, 67].

The final model was selected by weighing the discriminating
power (AUC and TSS), calibration (CBI), omission rate, and
model complexity (number of coefficients). Since the aim of the
study was a climate-based characterisation of the current preva-
lence of human dirofilariasis, we preferred discriminatory perfor-
mance over transferability.

The marginal response curves of the final model were interpreted
within the framework of ecological niche theory [68, 69]. Unim-
odal (with optimum) response curves are expected for direct envi-
ronmental variables, and monotonic (saturation-like) response
curves are expected for limiting factors [70]. The thresholds of
the response curves of the variables in the final model were deter-
mined from the results in the MaxEnt lambda files.

2.2 | Socioeconomic Analysis

We examined the disease and its socioeconomic background at the
second level of the nomenclature of Territorial Units for Statistics
(NUTS 2), which is used as a reference in Europe. The analysis
included the following 28 European countries: Austria, Belgium,
Bulgaria, the Czech Republic, Denmark, North Macedonia, Fin-
land, France, Greece, the Netherlands, Croatia, Ireland, Lithuania,
Hungary, Montenegro, Germany, Norway, Italy, Poland, Portugal,
Romania, Spain, Sweden, Switzerland, Serbia, Slovakia, Slovenia,
and Tiirkiye.

For the analysis, we used only cases for which the location was
specified with at least NUTS 2-level precision. Using the number
of cases in each region and the region’s population, we estimated
the relative risk of HD (HDSEBRR) using spatial empirical Bayes
smoothing. Since the population sizes of individual regions were
highly heterogeneous, the raw rates were not suitable for a real-
istic analysis. Therefore, this approach allows us to correct for the
resulting heterogeneity and variance in the human population
size. The basic principle of the method is to ‘scale down’ the rates

observed in each territorial unit toward a local reference value,
calculated from a window defined by the spatial context of the
given unit (e.g., neighbouring areas) [71].

The local reference average (i;) in the vicinity of the ith spatial
unit can be expressed as follows:

> wyO;
J

JZ wyP;

Hi

where O; is the number of events, P; is the at-risk population, and
wj; are the spatial weights (binary neighbourhood matrix), where
w;; =1 means that the given unit is itself part of the local window.

The local estimate of the prior variance is also based on data from
the surrounding areas:

_ Hi
YwPi/ (ki +1)°
j

;wij [P;(r; — u:)?]
o=

2 _
jz_w,-ij

where r; is the observed proportion, and k is the total population
associated with the local window.

We have expressed the socioeconomic characteristics of the
regions using the rate of severe material and social deprivation,
as measured in Europe. This index shows the extent to which
people lack the goods necessary and desirable for a decent stan-
dard of living. The index is expressed as a percentage, the socially
deprived proportion of the population. Notably, this value is cal-
culated for each country; therefore, it aligns with that country’s
average standard of living. It is determined at the household and
individual levels using various indicators (Table 2). We obtained
population data for each region, as well as data on severe material
and social deprivation, from the European Union’s Eurostat data-
base (https://ec.europa.eu/eurostat/, accessed on 14 June 2026).

To analyse the spatial relationship between the two variables, the
bivariate local indicators of spatial association (BiLISA) index was
calculated. A bivariate spatial autocorrelation index indicates the

TABLE 2 | Indicators used to calculate the proportion of severe material and social deprivation in Europe.

Household level

Individual level

Capacity to face unexpected expenses

Capacity to face unexpected expenses

Capacity to afford paying for a 1-week annual holiday away from home

Capacity to be confronted with payment arrears (on mortgage or rental
payments, utility bills, hire purchase instalments or other loan payments)

Capacity to afford a meal with meat, chicken, fish or vegetarian equivalent

every second day
Ability to keep the home adequately warm
Have access to a car/van for personal use

Replacing worn-out furniture

Having an internet connection
Replacing worn-out clothes with some new ones

Having two pairs of properly fitting shoes (including a
pair of all-weather shoes)

Spending a small amount of money each week on
him/herself

Having regular leisure activities

Transboundary and Emerging Diseases, 2026
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extent to which two variables tend to cluster spatially. The bivari-
ate LISA is a simple extension of the LISA function to two different
variables, one related to location and the other to the average of
neighbours [72]. The value of the index is positive if the two vari-
ables change together in space (high-high or low-low neighbour-
hood) and negative if they change in opposite directions (high-low
or low-high neighbourhood). The significance level was evaluated
by permutation testing with 10,000 permutations. The following
formula was used for the calculation:

I =z Y wyz,
J

where z; is the standardised x value (explanatory variable) of the
observation unit i, wy; is the element of the spatial weight matrix,
and z; is the standardised y value (dependent variable) of the
neighbouring unit j.

2.3 | Effects of Stray Dogs

There are no precise figures available on the number of stray dogs
in Europe. As a result, we were only able to use estimated data for
our analysis, which we compiled from the following website:
https://www.esdaw.eu/stray-animals-by-country.html (accessed
on 14 May 2026). Because this approximation was available
only at the national level, spatial interpolation was applied for
the NUTS 2-level analysis. We distributed the estimated number
of stray dogs in each country according to the relative areas of the
regions within each country. This approach assumes a uniform
spatial distribution, which does not hold in reality. Due to the
lack of systematic subregional data on stray dogs, we deemed this
method the best available approximation. When interpreting the
results, it is therefore important to note that the regional distri-
bution of stray dogs may differ from the actual situation and that

the analysis is suitable for identifying large-scale spatial trends
rather than for providing precise risk estimates for individual
regions. In both cases, for data sorting and spatial analysis, we
used GeoDa (version 1.22.0.14) and QGIS (version 3.32, Lima).

3 | Results

Between 1999 and 2025, a total of 148 human D. repens infections
were confirmed by the NLR in Hungary, of which three were not
georeferenced; therefore, 145 cases were analysed (Figure 2).

3.1 | ENM

To explore the probability of HD, 1119 records were used in
ENM, of which 145 were from Hungary. The cases are concen-
trated primarily in Central and Southern Europe and within that
region, most notably in the area between 8° and 21° east longi-
tude and 40° and 50° north latitude. After excluding cases outside
the used layers, applying thinning, and trimming duplicates, 426
cases remained. This point set was applied to estimate the prob-
able occurrence of the disease in Europe (Figure 3).

Of the initial 13 explanatory variables, seven were rejected due to
collinearity. After selection, the following variables were used in
the ENM: MWMT (VIF = 3.48), summer precipitation (Prec_sm,
VIF =2.72), spring precipitation (Prec_sp, VIF =1.59), summer
heat moisture index (SHM, VIF =1.49), surface water proportion
(SW_prop, VIF =1.02), and winter mean minimum temperature
(Tmin_wt, VIF =2.14).

A total of 120 models were examined during the analysis. The
final model’s set of variables consisted of three predictors:
MWMT, Tmin_wt, and Prec_sm. Since the aim of the study

—— Main rivers
@ Human cases
O Country border

0 50 100 km
L —

FIGURE 2 | Locations of Dirofilaria repens-infected human cases confirmed by the National Reference Laboratory between 1999 and 2025 in

Hungary. Note: The map was created by the authors and presents 145 cases. The western and eastern parts of the country belong to the Danube

and the Tisza River catchment, respectively.
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FIGURE 3 | Geographical distribution of human dirofilariasis in Europe. Note: The map was created by the authors; the pink circles represent

occurrence points compiled from the coordinate data reported in another study [1] and from the Hungarian database of the National Centre for Public

Health and Pharmacy.

was to ecologically characterise the current distribution of
human dirofilariasis rather than to model future scenarios, we
prioritised discriminatory performance over transferability when
selecting the best model. We stepwise excluded the least impor-
tant explanatory variables from the models based on PC, PI, and
jackknife analysis.

From the initial model containing six explanatory variables, we
first excluded SW_prop (PC =1.0% and P1=0.7%), which had the
lowest jackknife loss among all variables. In the second step, we
excluded Prec_sp (PC=3.8% and PI=3.2%) and subsequently
SHM since its percentage contribution in the four-variable model
had dropped to practically zero (PC=0.08%). Since its regu-
larised training gain was 0.001, SHM removal caused a negligible
effect on the model. During the model selection process, the
optimal configuration of the final selected model was a linear
hinge (LH) object class with a regularisation coefficient of three.

This model performed the highest validation AUC (0.881), the
lowest 10% omission rate, the highest TSS (0.627), and strong
calibration (CBI=0.936) among all variable configurations
(Table 3).

The performance of the final model was also confirmed by an inde-
pendent 10-fold cross-validation run (test AUC=0.876; TSS=
0.627; 10% omission rate=0.106). The three retained variables

contributed considerably to the best model (Figure 4). MWMT
showed the highest PC (46.6%) and PI value (54.5%). Tmin_wt
and Prec_sm showed similar PI, 29.4% and 23.9%, respectively.

TABLE 3 | Results of model selection for Dirofilaria repens.

Indices Model 1 Model 2 Model 3 Model 4
Number of variables 6 5 4 3
FC/RM LQ/1 LQ/1 LH/3 LH/3
ncoef 10 10 64 50
AICc 13,253.7 13,2742 13,3034 13,265.7
AUC 0.8791 0.8763 0.8802 0.8812
AUC SD 0.027 0.027 0.030 0.030
CBI 0.968 0.968 0.929 0.936
10% omission 0.101 0.105 0.103 0.099

Note: The models were evaluated using chequerboard partitioning (aggre-
gation factor: 4 x 4), with 50,000 background points and 30 feature class/
regularisation coefficient combinations per variable set.

Abbreviations: 10% omission, 10 percentile training presence omission
rate; AICc, Akaike Information Criterion, corrected; AUC, area under the
receiver operating characteristic curve; AUC SD, AUC standard devia-
tion; CBI, Continuous Boyce Index; FC/RM, feature class/regularisation
multiplier; LH, linear-hinge; LQ, linear-quadratic; ncoef, number of the
coefficients.
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FIGURE4 | Resultsindicated the performance of the final model. Note: The receiver operating characteristic (ROC) curve and AUC value (a) in the

investigated period (2011-2040). The jackknife test expresses the importance of different environmental variables (b). The response curves of the
explanatory variables (c). The red lines express the average calculated from 10 model runs, while the blue shading indicates the standard deviation.

The percentage contribution value of Tmin_wt was 2.5 times
higher (32.1%) than that of Prec_sm (13.4%).

The LH FC identified sharp climatic thresholds for all variables,
which proved consistent across the cross-validation folds
(Figure 5). The unimodal marginal response curve of the mean
temperature of the warmest month (MWMT) delineated an opti-
mal zone between ~22.8 and 25.1°C. Suitability decreases sharply
below the lower limit, which could indicate the lower tempera-
ture limit for the development of Dirofilaria repens L3 larvae in
the intermediate host. Above the optimum, suitability decreased
moderately, suggesting that excessively high summer tempera-
tures may limit transmission through reduced mosquito activity
or survival. The Tmin_wt response curve exhibited a monotonic
increase, with a sharp lower threshold at—2.1°C but no upper
threshold. The absence of an upper thermal limit indicates that,
within the study area’s climatic range, winter temperature serves
as a lower threshold (a limiting factor), so an optimum could not
be determined. The summer precipitation (Prec_sm) had a unim-
odal response curve. This variable exhibited the model’s strongest
single hinge effect. Below 28.6 mm, suitability dropped to nearly

zero, suggesting a drastic reduction in the moist environment
necessary for mosquito reproduction. Above the upper limit of
the optimum (231 mm<), suitability also decreases.

The areas with the highest probability (0.7<) are concentrated
along the Mediterranean coastline and around the Black
Sea. Southern France, the Italian Peninsula (especially the Po
Valley and southern regions), Greece, the coastal strip of the
Balkans, the eastern coast of the Black Sea, and the complete
territory of Hungary also show exceptionally high values
(Figure 6).

The medium-probability zone (0.3-0.7) forms a broad transi-
tional zone in Western and Central Europe. This category covers
a large part of the continent north of the Alps, as well as areas
located in the immediate vicinity of the continent’s mountain
ranges (e.g., the Dinaric Alps stretching across the central Bal-
kans). In these areas, summer temperatures generally reach the
lower threshold, but due to colder winter conditions, fewer para-
site generations may develop in intermediate hosts. The pattern
observed in the interior regions of the Iberian Peninsula is
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FIGURE 5 | Marginal response curves of the final predictive model (LH, RM =3) for human dirofilariasis. Note: Panel (a) shows the mean
temperature of the warmest month (MWMT), panel (b) shows the winter minimum temperature (Tmin_wt), and panel (c) shows the summer
precipitation (Prec_sm). The red dashed lines indicate the threshold values. In panels (a) and (c), the red shaded area indicates the optimal zone
between the two threshold values. The y-axis shows the predicted suitability value.
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FIGURE6 | Prediction of human dirofilariasis in Europe and Hungary. Note: The illustration is based on 426 cases with coordinates. The red colour
indicates a higher likelihood of disease, while the blue area indicates a lower likelihood. The black dotted line denotes Hungary’s administrative border;
black continuous line indicates Danube and its side stream tributaries.

noteworthy, as predicted, suitability declines in some areas variable: in the interior, semi-arid regions of the peninsula, sum-
despite the otherwise high summer temperatures. This is consis- mer precipitation does not provide sufficient breeding sites for
tent with the lower threshold of 28.6mm for the Prec_sm mosquitoes, which may break the transmission.
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The low-probability zones (<0.3) consisted of northern areas of
Europe and the highest mountains. In these regions, both sum-
mer temperature and minimum winter temperature could limit
high mosquito densities and thus the possible occurrence of
human infections.

3.2 | Socioeconomic Analysis

The bivariate LISA analysis revealed a significant spatial associa-
tion between the spatial relative risk of human dirofilariasis
(HDSEBRR) and material and social deprivation at the NUTS 2
level (Figure 7).

The relative risk of HD (HDSEBRR) shows a clear southeast—
northwest direction. Regions with the highest relative risk (7<)
are concentrated in Southern Italy, Greece, the Balkans, and certain
regions of Romania and Hungary. In contrast, most regions in
Northern and Western Europe show low risk (1>). Economic and
social deprivation follow a similar spatial pattern. The most deprived
regions (>18%) are found in Central and Southeast Europe (Hun-
gary, Romania, Bulgaria and Greece), while regions in Scandinavia,
Germany, and the Benelux countries show values below 2.5%.

The LISA cluster map identified four cluster types in 213 of the
321 studied regions (66.4%). High-high clusters (28 regions),
where high relative risk is coupled with high deprivation, are
concentrated in Southeast Europe, particularly in the Balkans,
Romania and Greece, as well as most of Hungary. In contrast, the
low-low clusters (110 regions), a combination of low risk and low

(a) HDSEBRR

d 0.01 -0.33
0.33-1.08
1.08 - 2.15
2.15-3.03
3.03-4.85
4.85-7.07
7.07 -9.13
9.13-11.75
11.75 - 18.36
18.36 - 20.36

(c) Bivariate LISA cluster map Not significant (108)

B High-high (28)

W Low-low (110)

M Low-high (36)
High-low (39)

1000 km

deprivation, are found in Northern and Western Europe. The
significance levels in these clusters were typically below p=
0.0001, indicating strong statistical support for the association.

The low-high clusters (36 regions) are particularly noteworthy:
they exhibit a low deprivation alongside a high risk of dirofilar-
iasis. They are primarily found in the northern and central
regions of Italy, as well as in the western Balkans and the western
and northern regions of the Carpathian Basin. This pattern sug-
gests that in these economically more developed regions, the
occurrence of the disease is determined not by social disadvan-
tage but primarily by climatic suitability, in line with the results
of the ENM analysis, which showed high suitability values for the
Mediterranean and the Carpathian Basin.

The high-low clusters (39 regions), high deprivation and low
risk, are found mainly in the Atlantic climate zones of Western
Europe and the Iberian Peninsula, where, despite relative social
disadvantage, climatic conditions (low summer temperatures,
extreme winter cold, or, conversely, extreme aridity) do not per-
mit effective transmission.

3.3 | Effects of Stray Dogs

The second bivariate LISA analysis examined the spatial relation-
ship between the estimated relative risk of human dirofilariasis
and the estimated number of stray dogs (Figure 8). The estimated
number of stray dogs shows dramatic regional differences: the
highest values (>150,000 per region) are found in Romania,

(b) Deprivation (%)
A 0.1-2.5
2.5-3.9
39-54
54-171
7.1-9.2
9.2-11.9
11.9-13.9
13.9-18.8
18.8 - 22.7
22.7-28

(d) Bivariate LISA Not significant (108)
significance map W p=0.05(37)
B p=0.01(38)

B p=0.001(28)
B p =0.0001 (110)

FIGURE 7 | Spatial association between the spatial relative risk of human dirofilariasis and economic and social deprivation at the NUTS 2 level.

Note: (a) HDSEBRR (spatial Empirical Bayes relative risk of human Dirofilaria repens infection). (b) Economic and social deprivation as a percentage of

the population (DEPRIVATION). (c) Bivariate LISA cluster map (high-high: high deprivation and high infection risk; low—low: low deprivation and low

infection risk; low—high: low deprivation, high infection risk; high-low: high deprivation, low infection risk; numbers of regions in parentheses).

(d) Bivariate LISA significance map (number of regions per significance level in parentheses).
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FIGURE 8 | The spatial correlation between the spatial relative risk of human dirofilariasis and the estimated number of stray dogs at the NUTS 2

level. Note: (a) HDSEBRR (spatial Empirical Bayes relative risk of human Dirofilaria repens infection). (b) Estimated number of stray dogs by region

(STRAY DOG NUMBER) (derived from estimative data using area-weighted interpolation, original data: https://www.esdaw.eu/stray-animals-by-cou

ntry.html). (c) Bivariate LISA cluster map (high-high: high number of stray dogs and high infection risk; low—low: low number of stray dogs and low
infection risk; low—high: low number of stray dogs, high infection risk; high—low: high number of stray dogs, low infection risk; number of regions in
parentheses). (c) Bivariate LISA significance map (number of regions per significance level in parentheses).

while in most regions of Western and Northern Europe, the
estimated number is below 5000.

The LISA cluster map shows a pattern similar to that of the
deprivation analysis but even more pronounced. The number
of high-high clusters is higher (39 regions, compared to 28
regions in the deprivation analysis), and the low-low clusters
are also more widespread (132 regions, compared to 110). This
suggests that the number of stray dogs shows a stronger spatial
association with the risk of human dirofilariasis than social dep-
rivation alone does.

High-high clusters are concentrated in Southeast Europe—in
Romania, Bulgaria, Greece and other Balkan countries—where
large numbers of stray dogs serve as a natural reservoir for the
parasite. Stray dogs are the primary definitive hosts of D. repens,
and as reservoirs of microfilariae, they serve as sources of infec-
tion for mosquito vectors. High-low clusters can be found in
large parts of Spain and Tiirkiye, where the inappropriate, too
hot and dry climate impedes the circulation of infection despite
the dense stray dog populations.

4 | Discussion

Based on the analysis of 1119 European records of human dir-
ofilariasis, research findings suggest that the environmental

tolerance of D. repens has both minimum and maximum limits
for temperature and precipitation. Consequently, climate warm-
ing and drying are expected to shift the parasite’s current geo-
graphic range. However, environmental impacts are likely
modified by socioeconomic factors, including regional develop-
ment levels and stray dog population sizes. The research findings
highlight the role of the Carpathian Basin as a corridor for the
parasite’s range expansion. This phenomenon is linked to the
parasite’s environmental optimum, which matches the current
climatic conditions in this region.

The MaxEnt models revealed that the predicted probability of
human D. repens infection within the Carpathian Basin is as
high as that of the Adriatic and Black Sea coastal area (Figure 6).
Interestingly, it is not the hottest regions that are predicted to
have the highest risk, aligning with observations that hyperen-
demic regions in Mediterranean countries are located away from
the hottest subregions. In Greece, for instance, the most heavily
affected region [73] lies in the north, bordering Bulgaria’s inland
region, which is also a known hotspot [11]. Similarly, in Italy, the
highest number of human cases was reported in the north-
ernmost regions of the Po Plain, while the southernmost regions
appear to be less affected [1] (Figure 3).

These findings correspond to the studies on mosquito heat toler-
ance. Investigations have demonstrated that culicids, as
ectotherms, are insufficiently tolerant of high temperatures, and
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only their avoidance behaviour, seeking shelter, protects them from
overheating during the hottest hours [74]. Mosquitoes are most
vulnerable in xeric biomes, particularly within the subtropical cli-
matic zone [75]. A decreasing suitability of the southernmost Med-
iterranean regions for mosquito vector species has also been
observed in malaria. In parallel with the northward expansion of
Anopheles occurrence, a decline is expected in the south. Conse-
quently, a warming climate might induce a northward shift of the
malaria epidemic belt over central-northern Europe [23].

The mosquito vectors of D. repens rely on wet habitats that offer
optimal conditions for oviposition [14, 76, 77]. Furthermore, as
ectotherms, they require environmental temperatures that align
with their thermal tolerance [74, 75]. Consequently, surface
waters and surrounding wet habitats with shady forest vegetation
are expected to provide ideal survival and breeding environments
for potential vector species. However, in this study, the surface
water variable was removed from the modelling process due to its
low PI.

Literature on culicids has revealed varied ecological require-
ments among specific potential vector species. Floodwater mos-
quitoes, like Ae. vexans, Ae. caspius and Ae. sticticus [14, 15, 77]
are closely linked to floodplain ecosystems, Culex pipiens bio-
types depend on synanthropic environments [17, 76, 78], while
Anopheles spp. prefer warm surface waters in the vicinity of
stables and barns, which are primarily found in Mediterranean
agroecosystems [22, 24]. Furthermore, the most river-dependent
floodwater mosquitoes possess the highest capacity for long-dis-
tance flight from their breeding sites when seeking blood meals
[13, 79], enabling them to expand their range even into arid
habitats [80]. The gonotrophic cycle of culicids lasts for
3-7 days depending on ambient temperature [81, 82]. This period
comprises blood feeding, digestion, oogenesis, and oviposition.
Only oviposition relies strictly on wet habitats, while feeding is
closely linked to host availability. Therefore, mosquitoes capable
of long-distance flight, such as robust Aedes species [13, 81],
contribute to disease risk even far from extended surface waters.

On the other hand, synanthropic culicids can utilise wet micro-
habitats that entrap water, such as rainwater containers, dumped
plastic and porcelain debris, and discarded tyres. Consequently,
they do not need to leave host-dense synanthropic environments
to reproduce [83-85]. The ecological plasticity of certain species,
combined with the wide variety of vectors [1], explains why our
analyses revealed that the vicinity of surface waters is a less
relevant driver of human D. repens infection. However, the visu-
alisation of case distribution in the Carpathian Basin, Hungary
(Figure 2) suggests that large river valleys exert an effect, albeit
not statistically significant, on the occurrence of human cases.

Regarding precipitation, a summer optimum between 28.6 and
231 mm was calculated. The lower limit is consistent with previ-
ous findings indicating that mosquitoes can poorly tolerate sum-
mer heat in xeric shrublands of the subtropical climate zone [75],
a description that fits the southernmost parts of Greece and
Spain, as demonstrated by the map in Figure 6. The impact of
the upper limit is detectable in northwestern Europe under an
Atlantic climate. High precipitation throughout the year may
reduce immature culicid populations by flushing out breeding

sites and diminishing the bacterial food sources of mosquito lar-
vae [86].

Our study found a positive correlation between the risk of human
D. repens infection and social deprivation in the southern part of
Central and Eastern Europe (CEE), primarily the Balkan countries
and the Carpathian Basin (Figure 7). A very similar pattern
became apparent regarding the relationship between infection
risk and stray dog population density (Figure 8). In the western
part of the continent, such a definitive correlation between these
factors and disease risk was not detected. However, it is critical to
note that the calculation of the DEPRIVATION variable was based
on the average social status within each specific country. There-
fore, ‘socioeconomic vulnerability’ does not represent the same
standard of living in a Western European country as it does in a
former Soviet satellite state. The post-communist bloc countries
have been unable to overcome their structural lag over the past
decades. Especially in Romania, Bulgaria, and Hungary, general
economic growth has been accompanied by rising inequality [87].

The high abundance of stray dogs in CEE countries may be a
consequence of socioeconomic factors as the livelihood issues of
owners have been identified as the primary cause of dog aban-
donment. Nevertheless, developed Mediterranean countries,
such as Italy and Spain, also harbour significant populations of
stray dogs [88]. The financial difficulties of dog owners [89] and
the overwhelmed capacities of animal shelters [90] are again
suspected to underpin this phenomenon. Since several Western
European welfare states consider themselves free of stray dogs,
regionally varying correlations between the parasite’s risk and
the number of unowned dogs in those areas are not surprising
(Figure 8). The role of stray dogs as reservoirs for canine dirofi-
lariasis has already been raised [9, 91, 92]. Although the Euro-
pean maps of stray dog populations (Figure 8) and social
deprivation (Figure 7) display dissimilar regional patterns, a
large-scale global survey across 14 countries revealed a robust
relationship between social well-being and animal welfare, inde-
pendent of the respondents’ cultural background [93].

However, poverty does not solely contribute to dog abandon-
ment. Studies investigating the association between waste man-
agement and social vulnerability have highlighted a strong
bidirectional link. Marginalised societal strata often contribute
to substandard waste management due to lower educational
attainment and lacking financial resources to invest in sanitation
[94-96]. The disadvantageous social effects of landfill siting can
be observed even in higher-income countries. Although decision-
makers frequently select already deprived areas for landfill siting,
the establishment of a new landfill further contributes to regional
backwardness [97]. In CEE countries, waste management poli-
cies have exacerbated social inequalities as landfills operating
with outdated technologies are predominantly sited close to the
residential areas of socioeconomically disadvantaged groups [98,
99]. The association between unimproved waste management
and diseases, particularly vector-borne diseases, is well documen-
ted [84, 100].

Our study investigated the potential role of the Carpathian Basin
as a facilitator for the range expansion of D. repens toward the
interior of the European continent. The MaxEnt analyses
highlighted a high probability of human D. repens infection
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within the Basin (Figure 6). Our findings align with the long-
standing theory of the ‘Illyric-Dacian pincer’, which was estab-
lished in the early 21th century. Based on the investigation of
endemic invertebrates of the Balkans and the Carpathian Basin,
researchers proved that the two ecoregions are interconnected,
allowing for the transition into one another. Consequently,
endemic species of the Balkans unimpededly expanded into the
Basin [35].

The Basin encompasses the middle reaches of two major rivers,
the Danube and the Tisza. Despite the MaxEnt models indicating
a limited permutation relevance of surface waters, the visualisa-
tion of infection probability in Figure 6 delineates a high-risk
corridor along the Danube River, extending from its Black Sea
delta to its origin in Germany. A remarkably similar pattern is
observable along the Tisza River, which appears to extend the
high-risk zone to the eastern slopes of the Ukrainian Car-
pathians. Interestingly, the regional case distribution presented
in Figure 2 suggests an elevated risk along the Tisza River, while
the MaxEnt analysis utilising a larger sample size highlights that
the probability of D. repens infection is higher in the western part
of the Carpathian Basin. This finding aligns with the conclusions
of previous studies on canine dirofilariasis [101] and its vectors
[102]. In these studies, researchers found that the occurrence of
D. repens is more probable in the Danube River catchment, with
a definitive cluster in the southwestern part of the country [101],
while in the eastern regions, the occurrence of D. immitis is more
probable [103, 104].

Between France and the Black Sea, a contiguous mountain range
isolates the continental interior from the Mediterranean Basin.
The only ecological corridor is the Danube Valley that breaks
through the narrow gap between the Alps and the Carpathians,
forming a migration route for the biota comprising plants, ani-
mals, and even prehistoric humans [31, 32]. The strong isolation
effect of mountain ranges and the corridor role of the Danube are
observable in the Figure 4 map generated with MaxEnt analysis,
allowing us to extend the Danube corridor theory to the expan-
sion of subtropical vector-borne parasites [31].

Beyond ecological suitability, the Carpathian Basin constitutes
the central part of the CEE, where economic development driven
by European Union (EU) membership has failed to eradicate
social inequality and the segregation of low-income communities
[87]. Consequently, large populations continue to live on the
periphery of society. These marginalised groups, characterised
by lower educational attainment and limited financial resources,
are unable to invest in sanitation and healthcare [43, 44| and
particularly not in the health of their dogs. In Hungary, the
central country of the Carpathian Basin, the current administra-
tion has taken office with the stated goal of eradicating poverty
and developing education and healthcare [105, 106]. However,
the preceding 16 years, characterised by a hybrid electoral
authoritarian regime, have significantly widened the educational
attainment gap between societal strata [43], resulting in the long-
term conservation of inequality, which may facilitate the silent
spread of infectious diseases.

Most cases of human dirofilariasis are detected accidentally, and
diagnosis relies primarily on the morphological identification of

surgically removed parasites [4]. Cases presenting with mild
symptoms are usually neglected for months, even by the patients
themselves [107]. Similarly, most canine cases also display barely
noticeable signs [108]. These inherent features of the parasitic
disease pose a significant challenge to surveillance attempts. Fur-
thermore, the cryptic reservoir, comprising stray dogs and dogs
owned by marginalised social groups, facilitates the long-term
maintenance of D. repens, thereby increasing the risks from the
ecological suitability of the Carpathian Basin.

This study is subject to certain limitations. The baseline dataset
included human cases diagnosed across Europe. Considering the
difficulties in diagnosis [4, 107, 109], obtaining accurate statistics
on human D. repens infection remains elusive. Consequently, the
data used in this study very likely underestimate the true epidemi-
ological situation. An analysis of the map in Figure 3 reveals that
densely populated cities appear to be more heavily affected than
rural regions. This highlights an urban bias: in densely populated
urban areas, rare diseases are more frequently detected, thereby
creating an analytical artefact. In this instance, MaxEnt seemingly
mitigated the over-representation of urban patients as the pre-
dicted probability map of human cases in Figure 6 does not display
an elevated risk specifically in cities. However, the relevance of
surface waters to D. repens epidemiology was evaluated as low,
despite river valleys being conspicuously outlined on the map as
higher-risk areas than their surroundings. This phenomenon
might reflect the under-representation of rural patients, whose
infection data could have clarified the true risk associated with
wet habitats. Due to the lack of patient-specific clinical and epide-
miological data, individual risk factors, such as educational attain-
ment, poverty status and immunocompromising factors, could not
be identified. In a future case—control study, such data will be
indispensable for a better understanding of the transmission
dynamics of this parasite.

5 | Conclusions

This study aimed to determine the most significant ecological
and socioeconomic factors driving the epidemiology of human
dirofilariasis caused by D. repens in Europe, with special focus on
the role of the Carpathian Basin as a potential corridor facilitat-
ing the northward range expansion of the parasite into the conti-
nental interior. Employing MaxEnt analysis, the MWMT was
found to contribute primarily to the predicted probability of
human infection. To a lesser extent, minimum winter tempera-
ture (Tmin_wt) and summer precipitation (Prec_sm) also
affected the epidemiology of D. repens in Europe. Beyond cli-
matic factors, social deprivation and stray dog population density
influenced infection risk, though these trends varied spatially.
The strongest positive correlation between disadvantageous
social factors and increased health risk was detected in the east-
ern Balkan countries and within the Carpathian Basin. Further-
more, this continental region exhibits an ecological suitability for
the D. repens circulation that is very similar to the Adriatic and
Black Sea coastal areas. Consequently, by integrating the ecologi-
cal and socioeconomical findings of our study, the Carpathian
Basin emerges as a high-risk area for D. repens transmission
northwards.
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