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A B S T R A C T

Climatic factors are closely associated with the occurrence of vector‐borne diseases, and they also influence the
distribution of vectors. The occurrence of plague is closely related to the population dynamics of fleas and their
host animals, as well as climatic conditions. This study focused on Xilingol League, utilizing climatic and flea
index data from 2012 to 2021. Spearman correlation and "Boruta" importance analysis were conducted to
screen for climatic variables. A generalized additive model (GAM) was employed to investigate the influence
of climatic factors and rodent density on the flea index. GAM analysis revealed distinct trends in flea index
among different rodent hosts. ForMeriones unguiculatus, the flea index declined with increased density and with
higher humidity, yet rose with greater lagged sunshine duration. For Spermophilus dauricus, an initial increase
in flea index with density was observed, followed by a decrease, and a rise in the index was noted when ground
temperatures were low. This study reveals the nonlinear interactions and lag effects among climatic factors,
density, and flea index. Climatic factors and density variably influence the flea index of two Yersinia pestis hosts.
This research advances the prediction and early warning efforts for plague control, providing a theoretical basis
for rodent and flea eradication strategies.
© 2024 Chinese Medical Association Publishing House. Published by Elsevier BV. This is an open access article

under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Climatic factors are closely related to the occurrence of infectious
diseases, particularly vector‐borne diseases. While there is a fluctuat-
ing decline in the incidence of vector‐borne infectious diseases in
China from 2005 to 2020, the level remains significantly high, with
an evident trend of expanding endemic areas, and the risk they pose
to human beings still exists [1]. Furthermore, climatic factors can
influence the population and distribution of hosts for vector‐borne dis-
eases and the vectors themselves [2], resulting in new epidemic risks.
The interplay between climatic factors and infectious diseases is real-
ized through a complex series of pathways involving various compo-
nents of the natural world, rendering the relationship challenging to
trace [3]. Some studies indicate that the combined effects of climate
with factors such as latitude, altitude, seasonality, and interannual
variability influence infectious diseases in nonlinear manners [4].

In many parts of the world, the plague continues to pose significant
threats, especially in Africa where there has been an upward trend in
both cases and affected countries over the past few decades [3]. The
transmission of the plague is intricately linked with the ecology of
rodents [5], flea ecology [6], climatic conditions, and other environ-
mental circumstances [7]. Research by K. Kreppel et al. [8] in Mada-
gascar identifies a complex nonlinear relationship between
temperature, precipitation, and the occurrence of the plague. A study
by L. Xu et al. [9] of plague in China during the 19th and 20th centuries
found that the association between the intensity of human plague and
precipitation was nonlinear, being positive under dry conditions and
negative under wet conditions.

Some studies have preliminarily shown that in the semi‐arid grass-
lands of the Inner Mongolia Autonomous Region, higher rainfall pro-
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HIGHLIGHTS

Scientific question

Climate factors are closely associated with the occurrence

of vector-borne infectious diseases. The plague remains a

significant threat, with its transmission linked to complex

interactions among rodent ecology, flea ecology, and cli-

matic conditions. To date, there has been no research on

the impact of meteorological factors on the flea indices

in rodent populations in Xilingol League.

Evidence before this study

The impacts of climatic factors on infectious diseases are

mediated through a series of complex pathways.

Previous studies have shown that climatic factors affect

infectious diseases in a nonlinear manner.

New findings

Our research indicated that the flea index on Meriones
unguiculatus decreased with increasing rodent density,

was negatively correlated with the current monthly aver-

age humidity, and was positively correlated with the

lagged monthly accumulated sunshine. For the

Spermophilus dauricus, the flea index initially increased and

then decreased with rising rodent density, and partially

increased when the current monthly average ground tem-

perature was low.

Significance of the study

This study explores the changes in rodent and flea index

mediated by climatic factors using the Generalized

Additive Model (GAM), and demonstrates that the GAM

can effectively predict the flea index in rodents. This

research may advance the early warning and forecasting

efforts for plague outbreaks, provide references for plague

monitoring, and offer a theoretical basis for rodent and flea

control measures.
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motes seed production and grass growth, consequently boosting the
population of gerbils [10]. Fleas, ectothermic parasites, rely on their
hosts for temporary habitats and on abiotic conditions for survival
[11]. Beyond causing irritant and allergic dermatitis in humans, fleas
are primary vectors for significant diseases such as the plague and
typhus fever [12]. Factors like temperature, precipitation, and relative
humidity directly affect flea growth and survival [13], while it has
been shown that the rat body flea index is also affected by rat density
and climatic factors [14].

Currently, there is limited research on the impact of climatic factors
and density on the flea index in Xilingol League. This study selects the
12 banners (counties) of Xilingol League as the research area from
2012 to 2021, and it focuses on the dominant rodent species involved
in plague transmission in the region, which include the Meriones
unguiculatus (M. unguiculatus) (accounting for 46.28 % of the popula-
tion), and the Spermophilus dauricus (S. dauricus) (27.67 %) [15].
Employing the generalized additive model (GAM), this investigation
aims to explore the nonlinear relationships and lag effects between cli-
matic factors, density, and the rodent flea index. The findings offer a
comprehensive and in‐depth understanding of the interplay between
density and climatic factors in influencing variations in the flea index.
This understanding enhances our grasp of the impact of climatic con-
ditions on the occurrence of plague in the region. The results provide a
theoretical foundation for early forecasting, warning, and prevention
of plague.
2. Materials and methods

2.1. Study area

The Xilingol League in the Inner Mongolia Autonomous Region is
selected as the area of study. The region, situated between 42°320

–46°410 N latitude and 111°590
–120°000 E longitude, is characterized

by strong winds, aridity, and cold temperatures typical of the northern
temperate continental climate. This area is a high‐risk plague region
due to the overlap of three different types of plague natural foci. The
distribution range of M. unguiculatus encompasses all 11 banners
(counties) except for Duolun County. Meanwhile, S. dauricus inhabits
all 12 banners (counties) within the entire league.
2.2. Data acquisition

Flea index on rodents and density data were collected from the Pla-
gue Control Management Information System of Chinese Center for
Disease Control and Prevention (CDC), which includes surveillance
data for 12 banners (counties) of Xilingol League from 2012 to
2021. After removing missing values, there were 291 cases of density
data and flea index data for M. unguiculatus, while there were 284
cases of density data and flea index data for S. dauricus. Concurrent cli-
matic data was obtained from the Centre for Resource Environment
Science and Data of the Chinese Academy of Science (CRESD,
https://www.resdc.cn/Default.aspx) and included temperature,
ground temperature, relative humidity, accumulated precipitation,
sunshine hours, wind speed, and atmospheric pressure. Considering
the developmental cycle of fleas, which spans 3–6 weeks [16], we ana-
lyzed the lag effect of climatic factors on the flea index from the pre-
vious month into the model for analysis.
2.3. Descriptive analysis and feature selection for climatic variables

The SPSS 19.0 software was used to organize the flea index data,
density data, and climatic data on a monthly basis from 2012 to
2021. Their mean, standard deviation, variance, minimum, quartiles,
and maximum values were calculated to understand the distribution
of these factors. We used Spearman's analysis in SPSS 19.0 and the
package “Boruta” in R 4.2.3 to refine our selection of pertinent climate
factors. The Spearman correlation test, a non‐parametric statistical
test, was specifically employed in the context of the GAM, given its
capability to detect non‐linear relationships. Spearman’s method was
first used to identify variables that displayed significant correlations
with the response variable. Boruta, a feature selection tool, was then
used to rigorously prune predictors that did not show any significant
impact on the dependent variable. In particular, box plots were gener-
ated to showcase the importance of each climatic factor, as determined
by Boruta. During the Boruta calculations, the data were shuffled and
variables were ranked by importance. Only those variables that
exceeded the shadowmax score threshold were retained for subse-
quent analyses. While the initial screening of relevant variables was
undertaken with the Spearman correlation test, these variables were
then subjected to the more stringent Boruta feature selection process.
The combination of Spearman and Boruta provides a comprehensive
and rigorous filtering of predictors, ensuring only the most relevant
are considered in the subsequent stages of the research. As shown in
Fig. 1. Additionally, to rule out multicollinearity among the climatic
factors, the variance inflation factor (VIF) was used to test for
multicollinearity.

https://www.resdc.cn/Default.aspx
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Table 1
Descriptive analysis of flea index, density, and climatic factors in Xilingol League (2012–2021).

Variables M S S2 Min P25 P50 P75 Max

Meriones unguiculatus flea index 1.22 1.50 2.26 0.00 0.27 0.69 1.71 11.00
Spermophilus dauricus flea index 3.92 3.61 13.02 0.00 1.25 3.13 5.50 27.00
Meriones unguiculatus density 2.48 2.04 4.17 0.05 1.00 2.07 3.46 12.53
Spermophilus dauricus density 1.28 1.19 1.42 0.01 0.20 1.00 2.00 6.33
Monthly average temperature (TEMavg) 3.81 13.75 188.97 −25.80 −9.26 5.34 16.50 27.00
Monthly average Temperature difference (DeltaTEM) 12.79 1.69 2.85 7.24 11.62 12.69 13.96 18.59
Monthly average ground temperature (GSTavg) 7.45 14.30 204.56 −21.34 −5.52 7.87 21.10 33.23
Monthly average temperature gradient difference (TGD) 26.09 10.85 117.77 −7.88 20.24 28.36 34.21 48.26
Monthly average sunshine hours (SSDavg) 8.08 1.40 1.97 2.90 7.08 8.16 9.16 12.40
Monthly accumulated sunshine hours (SSDsum) 242.20 46.70 2,180.60 32.60 208.63 242.20 278.60 371.00
Monthly average relative humidity (RHUavg) 53.92 12.85 165.20 22.23 44.49 54.84 64.10 83.90
Monthly minimum relative humidity (RHUmin) 31.96 13.43 180.49 8.58 21.42 29.87 39.53 73.71
Monthly average atmospheric pressure (PRSAvg) 886.17 20.23 409.10 845.45 868.34 889.75 902.24 926.25
Monthly average air pressure difference (APD) 5.22 1.29 1.67 2.63 4.20 5.15 6.09 12.41
Monthly average nighttime accumulated rainfall (PRE2008) 11.00 14.79 218.60 0.00 1.30 4.75 15.00 99.60
Monthly average daytime accumulated rainfall (PRE0820) 14.53 21.78 474.42 0.00 1.20 4.90 19.30 203.00
Monthly accumulated precipitation (PRE2020) 25.71 33.31 1,109.25 0.00 3.10 11.75 36.88 271.20

Abbreviations: M, mean; S, standard deviation; S2, variance; Min, minimum value; P25, P50, P75 stand for the 25th, 50th, and 75th percentiles, respectively; Max,
maximum value.

Table 2
Results of collinearity test for variables included in the GAM.

Hosts Variables Tolerance
error

VIF

Meriones unguiculatus Density 0.941 1.062
Current monthly average humidity 0.791 1.264
Lagged monthly accumulated
sunshine hours

0.771 1.296

Spermophilus dauricus Density 0.982 1.018
Current monthly average
ground temperature

0.982 1.018

Abbreviations: GAM, generalized additive model; VIF, variance inflation factor.
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2.4. Modeling the relationship between climatic variables, density, and flea
index

GAM is an extension of generalized linear model (GLM) and addi-
tive models. By fitting non‐parametric functions, it estimates the
overly complex, nonlinear relationships between a dependent variable
and several independent variables. This makes it broadly applicable.
GAM doesn’t restrict the form of independent variables and fits them
in a non‐parametric manner. The individual explanatory components
of the GAM do not have to be the independent variables themselves
but can be various forms of smoothing functions of the independent
variables. This makes it a flexible model capable of discerning non‐
monotonic, non‐linear relationships. However, GAM also has limita-
Fig. 1. Preliminary screening of climatic variables in the effect of rat density on th
flea index-environmental variables. B) Analysis of the significance of climatic factor
algorithm. C) Evaluation of the significance of climatic variables influencing the fl

APD0, current monthly average air pressure difference; APD1, lagged monthly aver
difference; DeltaTEM1, lagged monthly average temperature difference; GSTavg
average ground temperature; PRE0820sum0, current monthly average daytim
accumulated rainfall; PRE2008sum0, current monthly average nighttime accumul
rainfall; PRE24hsum0, current monthly accumulated precipitation; PRE24hsum1, l
atmospheric pressure; PRSavg1, lagged monthly average atmospheric pressure; RH
average relative humidity; RHUmin0, current monthly minimum relative humidi
monthly average sunshine hours; SSDavg1, lagged monthly average sunshine hou
monthly accumulated sunshine hours; TEMavg0, current monthly average tempera
average temperature gradient difference; TGD1, lagged monthly average temperat
tions as it offers only an approximate description of the real relation-
ships between independent and dependent variables. The expression
for GAM is:
e flea inde
s affecting
ea index i
age air pre
0, current
e accumu
ated rainfa
agged mon
Uavg0, cur
ty; RHUmin
rs; SSDsum
ture; TEMa
ure gradien
g μið Þ ¼ β0 þ f 1 x1ið Þ þ f 2 x2ið Þ þ f 3 x3ið Þ þ . . . . . .þ ɛ ð1Þ
In the above equation, g(μi) represents the coupling function, which
can be any kind of distribution in the exponential family of distribu-
tions, such as normal distribution, binomial distribution, Poisson dis-
tribution, negative binomial distribution, an so on. f1(x1i), f2(x2i),
f3(x3i)….….. represent various smoothing functions, such as smooth
spline, local regression, natural cubic spline, etc. β0 represents the
intercept and ε is the error term. In this research, the influence of
x. A) Spearman correlation between climatic variables and rat body
the rat body flea index of the Meriones unguiculatus using the Boruta
n Spermophilus dauricus using the Boruta algorithm. Abbreviations:
ssure difference; DeltaTEM0, current monthly average temperature
monthly average ground temperature; GSTavg1, lagged monthly
lated rainfall; PRE0820sum1, lagged monthly average daytime
ll; PRE2008sum1, lagged monthly average nighttime accumulated
thly accumulated precipitation; PRSavg0, current monthly average
rent monthly average relative humidity; RHUavg1, lagged monthly
1, lagged monthly minimum relative humidity; SSDavg0, current
0, current monthly accumulated sunshine hours; SSDsum1, lagged
vg1, lagged monthly average temperature; TGD0, current monthly
t difference.



Fig. 2. Analysis results of generalized additive model (GAM) for the flea index inMeriones unguiculatus. The x-axis represents the observed values of the explanatory
variables, while the y-axis represents the smooth fitted values of the explanatory variables with their corresponding degrees of freedom estimates in parentheses. A)
Relationship between density and flea index. B) Relationship between current monthly average humidity and flea index. C) Relationship between lagged monthly
accumulated sunshine hours and flea index. Abbreviations: RHUavg, monthly average relative humidity; SSDsum, monthly accumulated sunshine hours.
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weather factors and density on the flea index of different rodent
species is analyzed. As the number of fleas on rodents follows an
almost Poisson distribution and to avoid overdispersion, the quasi‐
Poisson distribution is adopted as the link function for this study.
The chosen dependent variable is the flea index on dominant rodent
species for each month from 2012 to 2021 in the Xilingol League.
The independent variables are climatic factors for the applicable
month and region. The “mgcv” package in R 4.2.3 was used for
modeling and analysis.
3. Results

3.1. Monthly distribution of the dominant rodent flea index and climatic
factors in the study area

From 2012 to 2021, the average flea index of the M. unguiculatus in
the Xilingol League is 1.22, with a variance of 2.26, and the density in
the region is 2.48, with a variance of 4.17. The S. dauricus has an aver-
age flea index of 3.92, with a variance of 13.02, and a density of 1.28,
with a variance of 1.42 (Table 1). Regarding the climatic data in Xilin-
gol League for the same period, the monthly average temperature is
3.81 °C with a variance of 188.97, fluctuating between −25.80 °C
and 27.00 °C. The variance is larger than the mean. The monthly aver-
age ground temperature is 7.45 °C with a variance of 204.56, fluctuat-
Fig. 3. Analysis results of generalized additive model (GAM) for the flea index
Relationship between current monthly average ground temperature and flea index
ing between −21.34 °C and 33.23 °C. Again, the variance exceeds the
mean. The monthly cumulative rainfall average is 25.71 mm with a
massive variance of 1,109.25, ranging between 0 mm and
271.20 mm. The variance is significantly larger than the average.
The monthly average temperature and cumulative rainfall in the Xilin-
gol League exhibit considerable fluctuations. Details of other climatic
factors can be found in Table 1.

3.2. Effects of density and climatic factors on flea index in M. unguiculatus

Spearman correlation analysis reveals that the monthly flea index
negatively correlates with current monthly average humidity, current
monthly minimum humidity, lagged (by one month) monthly average
humidity, lagged monthly minimum humidity, lagged monthly aver-
age daytime accumulated rainfall, and lagged monthly accumulated
precipitation (P < 0.05). Positive correlations are observed with fac-
tors such as current monthly average sunshine hours, current monthly
accumulated sunshine hours, lagged monthly accumulated sunshine
hours, lagged monthly average ground temperature, and current
monthly average temperature gradient difference (P < 0.05).

The final model incorporates variables such as the density of theM.
unguiculatus, current monthly average humidity, and lagged monthly
accumulated sunshine hours. These variables are derived from
screened climate and density data. A manual backward elimination
method is used to exclude variables to achieve the lowest generalized
in Spermophilus dauricus. A) Relationship between density and flea index. B)
. Abbreviation: GSTavg, monthly average ground temperature.
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cross validation (GCV) score for our model. The final GCV score
obtained is 1.256. Subsequent tests for multicollinearity show that
all VIFs are less than 2.000, indicating that there is no multicollinearity
among the variables (Table 2).

GAM analysis shows that the flea index on M. unguiculatus exhibits
a general declining trend in relation to their density (P< 0.05), a neg-
ative correlation with current monthly average humidity (P < 0.01),
and a positive correlation with lagged monthly accumulated sunshine
hours (P < 0.01) (Fig. 2).
3.3. Effects of density and climatic factors on the flea index in S. dauricus

The Spearman correlation analysis demonstrates that the flea index
for S. dauricus is negatively correlated with the current monthly aver-
age ground temperature and current monthly average temperature
(P < 0.05). A positive correlation is observed with lagged monthly
minimum relative humidity and lagged monthly average relative
humidity (P < 0.05).

In the model, the density of the S. dauricus and the current monthly
average ground temperature is incorporated. These variables are
meticulously selected through a stepwise backward elimination
method based on subsequent data screening and vole density, resulting
in the lowest GCV value for the model, which stood at 2.767. Further
collinearity tests are conducted, and the VIF value for each included
variable is found to be less than 2.000 (Table 2). This suggests that
there is no collinearity among the variables.

The results of the GAM model reveal that the flea index on the S.
dauricus initially exhibits a partially ascending trend followed by a
decline in response to density (P < 0.01). When the current monthly
average ground temperature is relatively low, there is a partial
increase in the flea index (P < 0.01) (Fig. 3).
4. Discussion

Our study reveals that in the natural plague foci of Xilingol League,
there exists a nonlinear relationship between the flea index of two
dominant host species and density as well as local climatic factors,
with a lagged effect also present with climatic factors. The climatic ele-
ments affecting the flea index of each dominant rodent species vary
and have different lag periods, possibly due to seasonal variations in
the impact of climatic factors on different rodent species and their par-
asitic fleas, along with divergent adaptabilities and sensitivities to
these factors. According to the study by L. Čepelka et al. [17] in
Europe, climatic factors have different impacts on the populations of
two rodents, Apodemus flavicollis (A. flavicollis) and Apodemus sylvaticus
(A. sylvaticus). Specifically, higher temperatures in the vegetation
season and lower temperatures during winter positively affect the A.
flavicollis population, whereas lower temperatures in the vegetation
season and higher temperatures in winter positively influence the A.
sylvaticus population [17]. Even within the same rodents in different
regions, responses to climate can vary: in the typical Erdos desert
region [18], an increase in precipitation correlates positively with
the abundance of the M. unguiculatus, whereas in the
central‐southern agricultural and pastoral area of the Inner Mongolia
Autonomous Region [19], the correlation is negative. The response
of different flea species to climate also varies: for instance, tempera-
ture and humidity have differential impact, with research by B. Kras-
nov et al. [20] indicating that fleas in North America show the
strongest response to variations in precipitation, while those in South
America, Europe, and Asia are more strongly influenced by tempera-
ture differences.

In this study, the flea index and density ofM. unguiculatus generally
exhibited a declining trend. L. Xu et al. [21] found a strong negative
correlation between the density of M. unguiculatuss and their flea
index, which is consistent with our findings. However, the flea index
and density of S. dauricus showed a partially increasing trend followed
by a decline. The study of L. Xu et al. [21] showed a positive correla-
tion between the flea index and the density of S. dauricus, claiming that
a higher density of the voles leads to a higher parasitic load. Con-
versely, P. Stapp [22] argued that a higher density of voles led to a
decrease in the vole's flea index. Our study elucidated the non‐linear
relationship between the flea index and the density, indicating a rising
trend before it declined.

This study found that the flea index of M. unguiculatus was nega-
tively correlated with the current monthly average humidity. Humid-
ity has a significant impact on fleas: excessive precipitation and
subsequent increased humidity can lead to more fungi and mites in
rat burrows, thereby reducing the number of fleas [23,24]. Similar
outcomes were found by D. Eads et al. [25] in Cynomys ludovicianus
(C. ludovicianus) in northeastern New Mexico, USA, where flea num-
bers doubled in dry years compared to relatively humid years. Dry
conditions positively affect flea numbers, with flea index increasing
during the dry season [26]. Research by Z. Li [27] found a negative
correlation between the flea index of the main parasitic fleas on M.
unguiculatuss, such as the Nosopsyllus (Gerbillophilus) laeviceps, and rel-
ative humidity, which is consistent with the results of this study.
Within this study, the flea index exhibits a positive correlation with
the lagged monthly accumulated sunshine hours, indicating that as
the number of sunshine hours increases, the flea index also increases.
Many flea species utilize light for object localization, and adult fleas
move directionally toward light sources [28,29]. It is possible that
an appropriate increase in sunlight duration could help fleas move
from one location to another, potentially expanding their range and
increasing the chances of finding new hosts, thereby facilitating an
increase in flea populations [30].

Fleas are highly sensitive to changes in temperature, particularly
during their developmental stages [31]. The stability of the environ-
mental conditions during flea development can enhance the stability
of flea populations since fleas have limited tolerance to environmental
fluctuations [32,33]. However, D. Eads et al. [34] found that S. dauricus,
unlike other rodents such as theM. unguiculatus, hibernated in burrows
during the winter. These voles create nests in deeper burrows, which
offer a stable microclimate, enhancing the survival and reproduction
rates of fleas. Accordingly, the quantity of fleas does not decrease when
the temperature is lower. L. Shuai et al. [35] demonstrated that the par-
asitic load on S. dauricus showed a seasonal variation. For instance, the
tick population on the vole peaks in summer, while fleas are most abun-
dant in spring. Our results showed that as the temperature increased,
the flea index of S. dauricus started to decrease. M. Denny et al. [36]
studied wild rodents captured in Berlin and found the highest number
of fleas on the rodents in spring and the highest number of ticks in
summer. Therefore, the decrease in fleas on S. dauricus may be due to
other parasite loads on them, including ticks and mites.

Predicting and warning about the flea index is significantly benefi-
cial in plague management. This study applies mathematical methods
to predict the dynamic changes in the flea index of dominant rodent
species, providing a quantitative perspective for research, and serving
as a practical statistical model in forecasting. However, this study only
incorporates climatic factors to analyze their influence on the parasitic
relationship between rodents and fleas. In addition, other research
suggests that vegetation index, soil cover, and other factors also have
certain effects on this parasitic relationship [37]. Therefore, more
comprehensive ecological studies need to be conducted to ensure eco-
logical relevance and practical value.

5. Conclusions

The flea index of the M. unguiculatus is mainly influenced by den-
sity, monthly average humidity, and monthly accumulated sunshine
hours, with the latter having a lagged effect. For the S. dauricus, the
flea index is predominantly influenced by density, and monthly aver-
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age ground temperature. The GAM can predict the flea index of dom-
inant rodent species reasonably well, advancing plague forecasting
and early warning efforts. This provides a theoretical basis for the pre-
vention and eradication of fleas in rodents.
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