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The context of rapid global environmental change underscores the pressing necessity to investigate 
the environmental factors and high-risk areas that contribute to the occurrence of brucellosis. In 
this study, a maximum entropy (MaxEnt) model was employed to analyze the factors influencing 
brucellosis in the Aksu Prefecture from 2014 to 2023. A distributed lag nonlinear model (DLNM) was 
employed to investigate the lagged effect of meteorological factors on the occurrence of brucellosis. A 
total of 17 environmental factors were identified as affecting the distribution of brucellosis to varying 
degrees. The largest contributing was the normalized difference vegetation index (NDVI), followed 
by gross domestic product (GDP), and then meteorological factors such as average temperature, 
average relative humidity, and average wind speed. The receiver operating characteristic (ROC) curve 
demonstrated that the MaxEnt model exhibited a high degree of predictive efficacy, with an area 
under the curve (AUC) value of 0.921. The impact of high temperature (25℃ with a 2-month lag, 
RR = 3.130, 95% CI 1.642 ~ 5.965), low relative humidity (28% with a 2.5-month lag, RR = 1.795, 95% CI 
1.298 ~ 2.483), and low wind speed (1.9 m/s with a 0-month lag, RR = 2.408, 95% CI 1.360 ~ 4.264) are 
the most significant meteorological factors associated with the incidence of brucellosis. The trends 
in the impact of extreme meteorological conditions on the spread of brucellosis were found to be 
generally consistent. Stratified analyses indicated that males were more affected by meteorological 
factors than females. The prevalence of brucellosis is influenced by a range of socio-economic and 
meteorological factors, and a multifaceted approach is necessary to prevent and control brucellosis.

Keywords  Brucellosis, Influencing factors, Maximum entropy model, Distributional lag nonlinear model, 
Meteorological factor

Brucellosis is a zoonotic bacterial infectious disease caused by infection with the bacterium Brucella, which 
affects approximately 500,000 individuals annually1. It is almost always transmitted to humans from infected 
livestock (e.g., animals such as cattle, sheep, pigs, and dogs) as well as from contaminated livestock products, 
and its high-risk groups include those who live or travel in areas where the disease is endemic (e.g., pastoral 
areas)2. The epidemic has now reached more than 170 countries and territories globally, with annual economic 
losses of billions of dollars worldwide. It poses a significant threat to global public health3,4. Since the 1990s, 
brucellosis in China has undergone a transition from a novel outbreak to a re-emergence5. Brucellosis outbreaks 
have occurred in Shaanxi Province, Xinjiang Uygur Autonomous Region, and Gansu Province, which are the 
main epidemiologic regions for brucellosis6,7. Northwest China is primarily an area of animal husbandry, with 
a significant livestock breeding base in China8. The herders of Northwest China are predominantly located in 
rural areas, where conditions are relatively poor due to a lack of awareness regarding protection and a high risk 
of exposure to brucellosis in the population, particularly in light of large-scale reproduction9.
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With the increasingly drastic environmental changes, the number of brucellosis cases in China has been on 
the rise, with the disease spreading to all provinces in the country. This trend has been observed to increase year 
by year, with a significant spatial correlation10. Many researchers have begun studying to the potential impact 
of climate change on the prevalence of brucellosis. Several studies have found possible associations between 
the incidence of human brucellosis in China and various environmental factors11–13, including temperature, 
precipitation, sunshine duration, relative humidity, and average wind speed6. A study conducted in Inner 
Mongolia, China, employed ecological niche modeling to investigate the spatial distribution of environmental 
influences on brucellosis14. However, the Aksu Prefecture, situated at the eastern part of the Eurasian continent, 
is geographically isolated from the oceans and exhibits a warm-temperate arid climate. Its economy is primarily 
based on animal husbandry15. Due to its distinctive geographical location and behavioural patterns, the potential 
for brucellosis to be a significant issue may be greater. Therefore, identifying the spatiotemporal development 
changes in the high-incidence areas of brucellosis will help understand the spatiotemporal distribution pattern 
of brucellosis in Aksu Prefecture.

In this study, Aksu Prefecture, located in northwestern China, was selected as the study area. Data from 
the region were collected over a 10-year period to estimate the lag effects and non-linearity of meteorological 
factors on the risk of brucellosis. This was accomplished by constructing a MaxEnt model and a Distributed 
Lag Non-Linear Model (DLNM), which facilitated the identification of environmental factors associated with a 
heightened risk of brucellosis in the region. This information provides a valuable foundation for the prevention 
and control of brucellosis in Aksu Prefecture.

Materials and methods
Study area
The Aksu Prefecture is situated in northwestern China, between 78°03′ and 84°07′ east longitude and 39°30′ and 
42°41′ north latitude (Fig. S1). It is characterised by a diverse topography, including numerous mountain peaks 
in the north and vast plains in the south. The Aksu Prefecture is situated between the vast Taklamakan Desert 
in the south and the central part of the foothills of the gravelly fan-shaped land, alluvial plains area, and the 
Gobi. The region is characterized by medium and low hills, which are distributed in large areas and are home to 
numerous basins. The area is rich in natural grassland, which is a valuable resource. The region’s climate is arid 
throughout the year, with minimal precipitation and long sunshine hours. Climate change has had a significant 
impact, with notable shifts in temperature, particularly in winter and summer. The unique geographic location 
and well-developed animal husbandry in the Aksu region have made the region a hotspot for brucellosis. Despite 
the region’s status as one of the most endemic areas for brucellosis in China, no study has yet investigated the 
effect of environmental factors on brucellosis in Aksu Prefecture.

Data collection
The monthly average of reported brucellosis cases was obtained from the information system of the Center for 
Disease Control and Prevention and brucellosis surveillance data covering the period from January 1, 2014, to 
December 31, 2023, in Aksu prefecture, Xinjiang. The map of the administrative boundaries of Aksu prefecture 
was obtained from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences 
(http://www.resdc.cn/). Utilize the Amap Application Programming Interface (API) to acquire the latitude and 
longitude coordinates of reported case residences, and subsequently establish a geospatial database using ArcGIS 
10.7. The data and sources of environmental variables utilized in this study are presented in Table  1, which 
enables the reflection of environmental constraints and their impact on brucellosis16. In order to meet the data 
format requirements of MaxEnt software, ArcGIS 10.7 was employed to perform the following pre-processing 
operations: the generation of 1 km×1 km resolution raster layers for each environmental variable through the 
application of Kriging interpolation17, and the reclassification of land use and vegetation type classification data. 
All raster data were resampled to a 1 km×1 km pixel resolution and extracted from the map of Aksu prefecture 
as a mask, thus ensuring consistency in resolution and geographic range.

Statistical analysis
The initial analysis of the data, which included variables related to brucellosis and other factors, was conducted 
using both SPSS and R statistical analysis software. This study employed the MaxEnt 3.4.3 software to construct 
an ecological niche model for the Aksu Prefecture. The dependent variable in this model was the distribution 
of cases, while the independent variables were the environmental variables. The MaxEnt method, which is 
based on the maximum entropy principle, has been shown to have high predictive power even when used with 
small sample sizes18,19. In recent years, ecological niche modeling has also been employed in epidemiological 
studies20,21. In order to avoid multicollinearity between variables, the covariance and correlation matrix between 
raster data were calculated. If the correlation between two variables was greater than |0.85| 22,23, only one 
variable was selected to be included in the model. The risk areas were predicted using case and environmental 
data from 2014 to 2023. A random selection of 75% of the distribution points was designated as the training 
set, while the remaining 25% were utilized as the test set. To ensure the robustness of the model, a ten-fold 
cross-validation method was employed, whereby the modelling process was repeated 10 times. The optimal 
regularization multiplier and the maximum number of background points are filtered. The former is set to 
0.5-2 in 0.5 increments, and the latter is set to 5,000–20,000 in 5000 increments. The final output ASCII result 
file is the average of the 10 repetitions. The MaxEnt modeling program evaluated the individual and collective 
significance of each variable in the distribution of human brucellosis cases through the Jackknife test, the average 
area under the curve (AUC) value over 10 model iterations, the mean percentage contribution of each variable 
to the model, and the elucidation of the relationship between the variables and the occurrence of brucellosis 
through environmental variable response curves.
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The DLNM is based on the definition of a cross basis, a bi-dimensional function represented by the 
combination of two basis functions, describing the effects of predictors and lags24,25. This study constructed a 
DLNM model to explore the effect of meteorological factors on the incidence of brucellosis. The main model 
was as follows:

Log[E(Yt)] = α + cb(Aj , βj) + ns(times, df1) + ns(B, df2) + month
Log[E(Yt)] represents the model linked by the “log” function; Yt represents the dependent variable, which is 

the number of brucellosis cases observed on the t-th month. The value of t represents the observation date. The 
variable j denotes the lag month, while A represents the independent variable, which is temperature, relative 
humidity or wind speed. The corresponding coefficients are denoted by βj. The variable B indicates factors other 
than those included in the model (except for A); cb represents the cross-basis function, selecting the natural 
spline function (ns) as the basis function; According to the Quasi-Akaike information criterion (QAIC) and 
previous research9, the maximum lag month is defined as 4 months. Other works on the same subject set the 
lag to 1 and 6 months, respectively26,27. The sensitivity analysis results are shown in the Fig. S9. In particular, we 
changed the maximum lag months of meteorological factors (1–10 months). Based on the results and previous 
research28,29, the df1 of a smoothed time function in the regression model was set to 3. The degrees of freedom 
(df2) for confounding factors was set at 3.

Finally, we conducted an attribution analysis and examined the interactions of meteorological factors based 
on DLNM. Attributable Fractions (AF), also known as attributable risks, represent the proportion or percentage 
of all cases of a specific outcome in a population that can be attributed to a particular risk factor. We assessed 
additive interactions by incorporating pairs of meteorological factors into the DLNM to evaluate their combined 
effects on brucellosis incidence. The primary evaluation indicators were Relative Excess Risk due to Interaction 
(RERI), Attributable Proportion (AP), and Synergy Index (SI). These three indicators were calculated using the 
methodology described in the previous study30.

In addition, we conducted stratification analyses by potential individual-level association modifiers, 
including sex (male and female), and age (≤ 14, 15–64 and ≥ 65y). We defined the 2.5th percentile (P2.5) and 
the 75th percentile (P97.5) for each meteorological factor as extreme weather, with the objective of studying the 
effect of extreme conditions on the risk of brucellosis and population of high risk. To achieve this, we used the 
relative risk (RR) and cumulative relative risk (CRR) to estimate the above effects along with corresponding 95% 
confidence intervals (CI). The average value of each variable is used as the basic standard for calculating the RR 
value. All statistical analyses were conducted using the R software (version 4.2.2), with the packages dlnm and 
splines employed primarily. All statistical tests were two-sided, and a P-value of less than 0.05 was considered 
statistically significant.

Results
Data analysis
A total of 6, 027 cases were reported in Aksu Prefecture during the period from 2014 to 2023. The minimum of 
4 cases, while the maximum of 208 cases, with an average of 50.23 cases per month. The summary statistics of 
each meteorological factor are presented in Table 2. The mean (standard deviation) of the average temperature, 
relative humidity, wind speed and precipitation were 9.37 (11.39) ℃, 49.04 (10.98) %, 4.81 (1.08) m/s, and 

Data sources Variables and descriptions (units) Type Resolution

The Global Climate and Weather dataset (https://worldclim.org/) TEM = Average temperature (℃) Continuous variable 1 km×1 km

PRE = Average cumulative 
precipitation(mm) Continuous variable 1 km×1 km

RHU = Average relative humidity(%) Continuous variable 1 km×1 km

PRS = Average air pressure(kPa) Continuous variable 1 km×1 km

WIN = Average wind speed (m/s) Continuous variable 1 km×1 km

EVP = Evaporation (mm) Continuous variable 1 km×1 km

SR = Solar radiation (kJ m− 2 day− 1) Continuous variable 1 km×1 km

ELEV = Elevation (m) Continuous variable 1 km×1 km

GST = Average ground surface 
temperature (℃) Continuous variable 1 km×1 km

Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (http://
www.resdc.cn/)

NDVI = Normalized Ddfference 
vegetation index Continuous variable 1 km×1 km

VEG = Vegetation type Classified variable 1 km×1 km

GDP = Gross domestic product Continuous variable 1 km×1 km

SSD = Sunshine duration(h) Continuous variable 1 km×1 km

LU = Land use Classified variable 1 km×1 km

POP = Population Continuous variable 100 m×100 m

DEM = Digital elevation model Continuous variable 1 km×1 km

Suomi National Polar-orbiting Partnership - Visible Infrared Imaging Radiometer Suite 
(https://eogdata.mines.edu/products/vnl/) NPP = Nighttime lighting data Continuous variable 450 m×450 m

Table 1.  A list of sources and descriptions of data pertaining to environmental variables.
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0.34 (0.35) mm, respectively. Figure 1 shows the time series curves of monthly meteorological data. A periodic 
pattern is evident in the mean temperature, relative humidity, wind speed, and precipitation.

Analysis of environmental factors and spatial analysis based on the MaxEnt model
Table S1 shows the correlation analysis of the environmental factors for the period 2014–2023. When the 
correlation coefficient is greater than 0.85 (|r|>0.85), it is deemed that multicollinearity exists. After the final 
elimination of multicollinearity, the variables NDVI, GDP, TEM, RHU, WIN, SDD, NPP, and VEG were 
included in the MaxEnt model. The analysis of all brucellosis data from 2014 to 2023 in Aksu Prefecture showed 
that the cumulative contribution of NDVI, GDP, TEM, RHU, and WIN, which is an important influence on the 
occurrence of brucellosis. The results of the jackknife test (Fig. 2) were similar to the results in Table 3. If NDVI is 
omitted, it has the most information that the other variables do not. With the omission of any variable, the model 
is the least weakened due to the relative influence of the other variables. Fig. S2 depicts the training outcomes 

Fig. 1.  The time series curves of monthly meteorology in Aksu, China, 2014–2023.

 

Variables Mean SD Min

Quartiles

MaxP25 P50 P75

Cases of brucellosis 50.23 38.31 4 23 39 65 208

Wind speed (m/s) 4.81 1.08 1.83 3.92 4.88 5.74 6.85

Temperature (°C) 9.37 11.39 −11.05 −0.97 11.53 20.09 25.59

Relative humidity (%) 49.04 10.98 27.89 40.52 48.93 55.56 74.39

Precipitation (mm) 0.34 0.35 0 0.07 0.20 0.55 1.83

Table 2.  Summary of the cases of brucellosis and meteorological factors in Aksu, China, 2014–2023.
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of the MaxEnt model. The average training area under the curve (AUC) for the replicate runs was 0.921, with a 
standard deviation (SD) of 0.002 (Fig. 2a). Furthermore, the model demonstrated a superior predictive fit in the 
test set, with an AUC of 0.920 and an SD of 0.005.

Figure 3 illustrates that the high-risk areas for brucellosis in Aksu Prefecture are primarily concentrated in 
the south of Baicheng County, the south of Wensu County, the northeast of Awati County, and the northwest of 

Fig. 2.   The results of the jackknife test of variable importance. The values presented are the mean values 
obtained from replicate runs. (a) The jackknife of regularized training gain test. (b) The jackknife of test gain. 
(c) The jackknife of AUC.
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Kuqa City. A comparison of the reported cases with the risk zone predicted by the MaxEnt model revealed that 
the vast majority of cases fell within this zone. The incorporation of the aforementioned screened variables into 
the model for prediction resulted in a high degree of agreement when compared to real reported cases.

The exposure-response curves of the top five high-impact factors, as determined by the established niche 
model, are presented in Fig. S3. The curves for each variable demonstrate nonlinearity. A positive correlation was 
observed between the probability of human brucellosis in Aksu Prefecture and the NDVI, with an increase in the 
probability observed as the NDVI increased above 0.3. NDVI is the most commonly used vegetation index for 
detecting vegetation growth status, vegetation cover, and removing some of the radiometric errors, etc. It reflects 

Fig. 3.  Area of potential risk for brucellosis in Aksu Prefecture. The map show the point-wise mean and 
standard deviation of the 10 output grids. The map was drawn from Maximum Entropy Species Distribution 
Modeling, Version 3.4.4 (https:​​​//biodiversityinformati​cs.a​mnh​.org​/op​en_​source/maxent/).

 

Variables Percent contribution Permutation importance Training set Test set

NDVI 64.9 52.7

GDP 17.0 36.6

TEM 7.0 3.9

RHU 6.7 3.5

WIN 2.7 1.2

SSD 0.5 0.8

NPP 0.6 0.7

VEG 0.6 0.6

AUC 0.9213 0.9200

AUC SD 0.0020 0.0046

Table 3.  Estimated relative contribution of environmental variables to the MaxEnt model. AUC SD standard 
deviation of the mean area under the curve,  TEM  average temperature(℃),  NDVI  normalized difference 
Vegetation Index,  WIN   average wind speed (m/s),   NPP  Nighttime Lighting Data,  RHU  average relative 
humidity(%),  GDP  gross domestic product,  EVP  evaporation(mm),  SSD  Sunshine Duration(h).
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background influences on the plant canopy, such as soil, wet ground, snow, dead leaves, roughness, etc., and is 
related to vegetation cover. The probability of human brucellosis exceeded 50% when the average temperature 
was above 0℃, the relative humidity was low, or the wind speed was low.

The associations between meteorological factors and the transmission of human brucellosis
Non-linear and lagged effects of meteorological factors on the transmission of human brucellosis
Figure 4 illustrates the correlation between climate variables in varying time lags and the risk of brucellosis. 
Referring to the average monthly temperature (9.37 ºC), relative humidity (49.04%), and wind speed (4.81 m/s) 
in Aksu Prefecture from 2014 to 2023, each meteorological factor demonstrated a non-linear trend with the 
risk of brucellosis in the different lag months. Figure 5 presents a curve plot of the meteorological factors and 
the risk of brucellosis at lag 1–4 months. The results indicated that low temperatures exhibited a protective 
effect, whereas high temperatures were identified as a risk factor for brucellosis. The protective or risk effects 
exhibited a gradual decrease with the extension of the lag time. When the lag period was two months and the 
temperature was 25 ℃, the relative risk reached its maximum (RR = 3.130, 95% CI 1.642 ~ 5.965). With regard to 
relative humidity, the impact of low or high humidity on the incidence of brucellosis was more pronounced in 
a shorter lag period. Low relative humidity is a risk factor for brucellosis, with the effect decreasing as humidity 
increases. The relative humidity at 28% at lag 2.5 months exhibited the greatest effect on brucellosis, with an RR 
of 1.795 (95% CI 1.298 ~ 2.483). The risk of brucellosis will increase when the relative humidity is above 68%. 
With regard to wind speed, the risk impact is greater at wind speeds of 1.9 m/s (lag 0 month, RR = 2.408, 95% CI 
1.360 ~ 4.264). Low wind speeds facilitate the spread of human brucellosis in Aksu prefecture, with a lag effect 
on its spread of more than one month when wind speeds reach 3–4.5 m/s.

Single-lag effects of extreme meteorological factors
The distribution of the lagged effects of P2.5, P25, P75, and P97.5 on the risk of brucellosis for each meteorological 
factor was plotted using the mean value of each meteorological factor as a reference value (Fig. S4). The results 
demonstrated that low temperatures (P2.5 and P25), extreme high relative humidity (P75 and P97.5), and high wind 
speeds (P75 and P97.5) all exhibited a modest and essentially equal effect on the risk of brucellosis transmission. 
Conversely, the effect of extremely hot weather on the risk of brucellosis was more significant. The effect of 
temperature on brucellosis risk increases and then decreases with lag time. Similarly, the effect of low relative 
humidity on the risk of brucellosis exhibited a slight increase with increasing lag time.

Furthermore, the total population and the at-risk population were examined in conjunction with various 
meteorological variables under P2.5 and P97.5 conditions. The lagged effects of meteorological factors on the total 
population are illustrated in Fig. S5, and their specific values are shown in Table S2. The results indicated that the 
RR values of extreme monthly high temperature (P97.5: 24.29 °C) were all greater than 1 at lags of 1–4 months, 
and the results were statistically significant. Notably, the results showed that the RR value of extreme monthly 
low temperature (P2.5: −9.63 °C) exceeded 1 at lags of 0 and 0.5 months, yet was not found to be statistically 
significant. For extreme relative humidity, the results showed that the RR values were all greater than 1 and 
statistically significant at extreme low relative humidity (P2.5: 31.85%). Extreme low monthly wind speed (P2.5: 
3.01 m/s) had RR values greater than 1 and statistically significant at a lag of 0–1 month. Fig. S6 shows the results 
after stratifying the analysis by gender. The trend of effects across gender and age over the lag period of the study 
was consistent with the overall. Among these, high temperature (P97.5: 24.29 °C) had the largest effect effect value 
on males at a lag of 2 months. Low relative humidity (P2.5: 31.85%) presented as a risk factor throughout the 
lag period, but there was no major difference in the effect on men and women. Low wind speed (P2.5: 3.01 m/s) 
showed an immediate effect, such as the risk was greatest in the lag 0 month, with a consistent trend between 
genders, and no significant differences were observed. The analysis of brucellosis risk associated with extreme 
meteorological factors, stratified by age groups (≤ 14 years, 15–64 years, and ≥ 65 years), is presented in Fig. 
S7. The findings indicate that individuals aged 65 years and older are more susceptible to brucellosis compared 
to those aged 15 to 64 years. Additionally, extreme low relative humidity was associated with a high risk of 
morbidity across all age groups. The impact of extreme low wind speed at a lag of 0 months was found to be more 
pronounced in individuals under the age of 14. However, no significant variations in the observed trends were 
noted across the different age groups.

Cumulative lag effect of meteorological factors
Figure S8 illustrates the cumulative effects of meteorological factors on brucellosis. The relationships between 
temperature, relative humidity, and wind speed and the risk of brucellosis are characterized by ‘S-shaped,’ 
‘W-shaped,’ and ‘N-shaped’ curves, respectively. These results align with the exposure-response curves derived 
from the MaxEnt model. Temperatures below the mean reference of 9.37 °C exert a protective effect against 
brucellosis. However, once temperatures exceed 9.37 °C, the risk of brucellosis increases with rising temperature. 
Specifically, when the temperature was less than or equal to 9 °C, the temperature was the cumulative relative 
risk (CRR) of brucellosis was 0.927 (95% CI  0.871 ~ 0.988). For relative humidity, CRR values exceed 1 when 
humidity levels are less than or equal to 50%, with the relative risk of brucellosis increasing as relative humidity 
declines. Conversely, when relative humidity is greater than or equal to 69% (CRR = 1.054, 95% CI 0.710 ~ 1.565), 
the relative risk gradually increases, although no statistically significant difference was observed. Regarding wind 
speed, the cumulative lag effect on brucellosis peaks at wind speeds of 3.9 m/s, with a CRR of 4.972 (95% CI 
3.325 ~ 7.435).

Disease burden analysis of meteorological factors on the transmission of human brucellosis
The results of the analysis of attributable fractions and numbers of brucellosis caused by meteorological factors are 
presented in Table 4. The results from the attributable analysis are consistent with the ranking of the percentage 
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contribution of meteorological factors in Max-Ent model. The burden of brucellosis influenced by temperature 
was found to be higher among males and populations aged 64 years and older. Specifically, 12.098% (95% CI: 
12.016%~12.277%) of brucellosis were attributable to temperature, with a significant difference observed between 
the sexes. Brucellosis was attributable to temperature in 13.465% (95% CI: 12.821%~15.184%) of populations 
aged 64 years and older. The burden of relative humidity (AF = 12.440%, 95% CI: 11.308%~12.421%) and wind 
speed (AF = 7.404%, 95% CI: 6.152%~8.354%) was higher in populations under 15 years of age.

Fig. 4.  Contour graphs and Three-dimension of exposure-lag-response for meteorological factors and 
brucellosis. (A) temperature. (B) relative humidity. (C) wind speed.
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Additive interaction effects of different meteorological factors on human brucellosis
The additive interactions of meteorological factors on human brucellosis are presented in Table 5. The results 
indicate that the additive interaction effect of temperature and relative humidity was greatest for males 
(RERI = 0.974, 95% CI 0.237 ~ 1.710) and for individuals aged 64 years and older (RERI = 0.902, 95% CI 
0.273 ~ 1.532). Additionally, the interaction between temperature and wind speed was found to increase the 
risk of human brucellosis, with a more pronounced impact on males (RERI = 0.979, 95% CI  0.030 ~ 1.929) 
and individuals over 64 years of age (RERI = 0.697, 95% CI 0.543 ~ 0.852). Conversely, the interaction between 
relative humidity and wind speed did not demonstrate a significant additional effect on human brucellosis.

Discussion
In this study, we first estimated the probability distribution of environmental factors and brucellosis from 
2014 to 2023 by the MaxEnt model. This was done in order to explore the environmental factors that affect the 
occurrence of brucellosis in Aksu Prefecture and to map the potential high-risk areas. Secondly, among the 
environmental factors with high contribution based on the MaxEnt model, meteorological factors were selected 
to construct the DLNM model to explore the correlation analysis and lag effect of meteorological factors that 
have a large impact on brucellosis in Aksu Prefecture. The model effectively evaluated the relationship between 

Factors

Temperature Relative humidity Wind speed

AF (%, 95% CI) P AF (%, 95% CI) P AF (%, 95% CI) P

Total 10.907 (10.855 ~ 11.020) 10.540 (9.542 ~ 10.540) 8.076 (7.998 ~ 8.278)

Sex

 Female 5.694 (5.629 ~ 5.799) – 4.920 (2.561 ~ 5.091) – 5.508 (5.329 ~ 5.674) –

 Male 12.098 (12.016 ~ 12.277) < 0.001 12.440 (11.308 ~ 12.421) < 0.001 5.880 (5.765 ~ 6.029) 0.001

Age

 < 15 y 0.470 (0.445 ~ 0.506) – 10.072 (9.988 ~ 10.162) – 7.404 (6.152 ~ 8.354) –

 15–64 y 11.225 (11.164 ~ 11.350) < 0.001 4.054 (3.127 ~ 5.013) < 0.001 5.685 (5.595 ~ 5.804) 0.002

 > 64y 13.465 (12.821 ~ 15.184) < 0.001 2.770 (2.238 ~ 3.243) < 0.001 4.897 (4.281 ~ 5.150) 0.001

Table 4.  Attributable fractions on brucellosis attributable to meteorological factors. AF attributable fractions; 
-: reference group.

 

Fig. 5.  Plot of meteorological factors and brucellosis risk with a lag of 1 to 4 months. (A) temperature. (B) 
relative humidity. (C) wind speed.
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meteorological factors and climate-sensitive infectious diseases, including hand, foot and mouth disease, dengue 
fever and chickenpox31–34. The results of our study showed that the risk of brucellosis in Aksu Prefecture was 
nonlinearly correlated with environmental factors such as NDVI, GDP, temperature, relative humidity and wind 
speed. A positive correlation was observed between NDVI, GDP, and temperature, while a negative correlation 
was evident between relative humidity and wind speed with a certain lag effect.

The largest contribution was NDVI, which is similar to another Chinese study35. It found that the effect 
of NDVI was more significant in predicting brucellosis based on environmental factors. Another study also 
showed that the incidence of human brucellosis was significantly associated with increases in mean temperature 
and NDVI36. Dense vegetation can protect bacteria from UV radiation and desiccation. The second highest 
contribution of environmental factors to brucellosis was GDP. GDP was positively correlated with the occurrence 
of brucellosis in Aksu Prefecture. A study of spatial and temporal trends and drivers of human brucellosis in 
China, based on interpretable analyses, found that the expansion of human brucellosis was positively correlated 
with GDP and negatively correlated with humidity37. Overcrowded or densely populated herds or flocks increase 
the chances of direct animal-to-animal transmission. It indicated that higher GDP contributes to improved 
sanitation and increased access to health care, which in turn increases the likelihood of detecting disease. 
The dependency plot between it and SHapley Additive exPlanations (SHAP) values is consistent with the 
corresponding plot of exposure in this study. Another analysis of the spatial and temporal distribution of human 
brucellosis and socioeconomic factors in mainland China also showed a positive correlation between GDP and 
high temperature38. Through the above discussion and in conjunction with the previous39,40, we can conclude 
that socioeconomic drivers may play a crucial role in the expansion of human brucellosis. As people’s standard 
of living rises, the demand for animal protein increases, leading to an increase in livestock production, slaughter 
and transportation for meat consumption41, and more people are thus exposed to animal hosts and their vectors, 
thereby increasing the risk of disease transmission to humans5.

The meteorological factors that contributed more to the occurrence of brucellosis in Aksu Prefecture were 
temperature, relative humidity, and wind speed, in that order. Research has shown that average temperature, 
wind speed, and relative humidity have a significant impact on brucellosis from May to July every year (warm 
season)15. This is consistent with the meteorological factors (average temperature, relative humidity, and wind 
speed) included in the DLNM in this study. The results of this study showed that high temperature, low humidity 
and low wind speed are the main risk factors for brucellosis transmission with certain lag and cumulative effects. 
It may be related to the natural environment suitable for the survival of Brucella. Previous studies have found 
that arid areas are more prone to brucellosis42. Our study found that the lagged effect of temperature at 25 ℃ 

Interaction factors RERI (95% CI) AP (95% CI) SI (95% CI)

Temperature-relative humidity

Total 0.454 (0.202 ~ 0.707) 0.241 (0.107 ~ 0.375) 2.057 (1.111 ~ 3.808)

Sex

 Female 0.445 (−0.022 ~ 0.912) 0.218 (0.066 ~ 0.371) 1.751 (1.303 ~ 2.352)

 Male 0.974 (0.237 ~ 1.710) 0.318 (0.185 ~ 0.452) 1.896 (1.495 ~ 2.404)

Age

 < 15 y 0.230 (−0.056 ~ 0.517) 0.167 (0.017 ~ 0.317) 2.578 (1.153 ~ 5.765)

 15–64 y 0.448 (0.198 ~ 0.697) 0.239 (0.106 ~ 0.372) 2.047 (1.110 ~ 3.773)

 > 64y 0.902 (0.273 ~ 1.532) 0.268 (0.085 ~ 0.450) 1.614 (1.051 ~ 2.478)

Relative humidity-wind speed

Total 0.278 (−0.373 ~ 0.930) 0.135 (−0.106 ~ 0.376) 1.355 (0.863 ~ 2.128)

Sex

 Female 0.068 (−0.371 ~ 0.507) 0.045 (−0.219 ~ 0.310) 1.155 (0.556 ~ 2.400)

 Male 0.389 (−0.382 ~ 1.159) 0.168 (−0.071 ~ 0.406) 1.418 (0.932 ~ 2.158)

Age

 < 15 y 0.841 (−1.735 ~ 3.417) 0.229 (−0.232 ~ 0.689) 1.458 (0.693 ~ 3.068)

 15–64 y 0.243 (−0.370 ~ 0.856) 0.121 (−0.118 ~ 0.360) 1.317 (0.833 ~ 2.083)

 > 64y 0.319 (−0.300 ~ 0.938) 0.188 (−0.055 ~ 0.432) 1.845 (1.263 ~ 2.697)

Temperature-wind speed

Total 0.536 (−0.173 ~ 1.244) 0.290 (0.084 ~ 0.496) 2.718 (1.819 ~ 4.060)

Sex

 Female 0.412 (−0.183 ~ 1.007) 0.250 (0.039 ~ 0.460) 2.729 (1.548 ~ 4.812)

 Male 0.979 (0.030 ~ 1.929) 0.391 (0.226 ~ 0.557) 2.864 (2.298 ~ 3.571)

Age

 < 15 y −0.051 (−0.631 ~ 0.529) −0.024 (-0.298 ~ 0.249) 0.956 (0.583 ~ 1.569)

 15–64 y 0.446 (0.005 ~ 0.887) 0.257 (0.110 ~ 0.404) 2.544 (1.894 ~ 3.416)

 > 64y 0.697 (0.543 ~ 0.852) 0.379 (0.295 ~ 0.463) 5.891 (1.295 ~ 9.798)

Table 5.  Additive interaction effects of different meteorological factors on brucellosis.
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reached its maximum at 2 months lag, and its maximum cumulative effect reached its maximum at 4 months. 
This may be due to the particular geographic location of the Aksu region, which leads to extensive feeding 
activities in late spring, when temperatures provide a favorable environment for Brucella and good conditions 
for host animals to reproduce, thus increasing the risk of infection from exposure to these infected animals43. 
Warmer temperatures increase the chances of bacterial survival, similar to other infectious diseases, in a 
relationship that reflects complex interactions at the pathogen-host-human interface. This is more conducive to 
bacterial production, adaptation and transmission, thus increasing the risk of illness and infection44,45. However 
a study from Inner Mongolia, China, suggests that cooler regions are more likely to be highly endemic for human 
brucellosis, which is less consistent with the results of this study46. This may be due to the geographical location 
and environment of different regions47. Meanwhile we are in agreement with the results of more studies. For 
example the results of a study in Datong showed the highest delayed effect on brucellosis with a lag of 4 months 
at low monthly temperatures7. Another result from Yongding City, Gansu Province, showed that temperature 
and hours of sunshine increased the risk of brucellosis at different lag times27.The warm season favors rutting in 
animals (e.g., cattle, sheep, dogs, etc.), which not only increases sheep densities but also promotes the spread of 
brucellosis among animals. This also increases livestock production and thus the likelihood of contact between 
humans and infected animals26.

For relative humidity, our findings are consistent with those of a study in Shaanxi, where the risk and lag 
effect of human brucellosis were greater in environments with low relative humidity12. In addition, the results of 
a study on the spatial and temporal distribution of human brucellosis and the factors influencing it have shown 
that low relative humidity plays a crucial role in the survival and activity of pathogens in the environment46 
and there is a negative correlation, which directly or indirectly affects the enzymatic activity of Brucella and 
its survival and spread48. For wind speed, our study found that extreme low wind speeds increased the risk of 
brucellosis transmission after 0-1.5 months. A study from Jilin, China, indicated that low wind speed (1.4 m/s) 
was a risk factor for brucellosis at a two-month lag, with a maximum RR of 1.68 (95% CI = 1.25 ~ 2.26) and a 
cumulative lag effect9. Another study found that low wind speed lagging 1 month predicted the highest incidence 
of brucellosis49. High wind speeds can cause bacteria to have a shorter lifespan in the air48, low wind speeds 
can cause air to stagnate, especially in enclosed or semi-enclosed environments (e.g., domesticated animals), 
promoting the retention and spread of brucellosis in the local environment50.

In this study, stratified analyses revealed that the risk of brucellosis was higher in males and ≥ 65 years of age 
at extreme high temperatures, whereas both males and females were at greatest risk of infection in the month of 
exposure at low wind speeds. The interaction of temperature and wind speed puts people over the age of 65 at 
increased risk of infection, possibly due to climatic conditions of high temperatures and low wind speeds that 
favor the growth and reproduction of Brucella. When temperatures rise, Brucella bacteria have an increased 
rate of metabolism and an increased ability to reproduce, while low wind speeds reduce air currents, making 
it easier for the bacteria to become trapped and spread through the air. As we age, the body’s immune system 
weakens and becomes less resistant to pathogens. As a result, people over the age of 65 are more susceptible to 
Brucella infections. A study in the Kingdom of Saudi Arabia found a significantly higher risk of brucellosis in 
male than in female during the warm season51. This is consistent with the results of the present study, which 
may be due to the fact that male prime age is more likely to go out for grazing in late spring and summer, thus 
increasing the risk of infection by exposure to high temperatures and low wind speed52. When temperatures are 
relatively warm, people over 65 are more likely to sit on doorsteps in the sun or be out and about, and they are 
in close contact with sheep, goats and dogs as they play and feed the animals, increasing their risk of contracting 
brucellosis. Our study shows that extreme high relative humidity and extreme high wind speeds do not differ in 
trend by gender and are not statistically significantly different in increasing the transmission of brucellosis. The 
increased likelihood of couples going out to graze together in low wind speed also increases the risk of exposure 
to animals such as cattle and sheep, which increases the risk of bacterial infections.

Humans tend to keep animals in captivity during the winter and spring. However, this is also the period when 
small ruminants are usually in the cycle of pregnancy, abortion and birth. Their secretions containing high levels 
of Brucella spp. are released into the environment, accelerating animal-to-animal transmission during such 
periods of susceptibility. In addition, climatic factors are critical in increasing or decreasing human exposure to 
infected animals. Our study significantly enhances the understanding of the environmental factors influencing 
the high-risk areas of brucellosis, particularly in Aksu Prefecture, China. By analyzing the interplay between 
ambient temperature, relative humidity, and wind speed, we have identified critical conditions that exacerbate 
the incidence of brucellosis. Specifically, we found that elevated ambient temperatures, coupled with low relative 
humidity and reduced wind speed, are correlated with an increased activity of brucellosis in regions such as 
Baicheng and Wensu counties. These findings are particularly pertinent given the ongoing challenges posed 
by climate change, which may further alter these environmental conditions and potentially escalate the risk of 
brucellosis outbreaks. Understanding these dynamics is crucial for local health departments, as it provides a 
scientific basis for developing targeted and effective prevention strategies. Moreover, our research underscores 
the importance of continuous environmental monitoring and the need for integrated approaches that consider 
both ecological and epidemiological factors. By establishing predictive models based on environmental 
indicators, health authorities can better anticipate and mitigate the risks associated with brucellosis.

There are some limitations in our study. The study area of this study is only a part of Northwest China, and 
there is a need to conduct relevant studies on larger areas in the future. In addition, other meteorological factors 
(e.g., dusty weather) that may have a greater impact could not be taken into account. Finally, more possible 
potential individual factors (e.g., level of exposure to animals, etc.) could not be taken into account due to the 
lack of individual data.

In summary, this study not only contributes to the existing body of knowledge regarding brucellosis 
transmission but also serves as a vital resource for policymakers and public health officials in Aksu Prefecture. 
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The insights gained from this research can guide the formulation of proactive health interventions, ultimately 
aiming to reduce the burden of brucellosis and protect the health of local communities.

Conclusion
This study provides the first evidence for the close relationship between brucellosis transmission and climatic 
factors in Aksu Prefecture, Xinjiang. The results showed that Baicheng County and Wensu County were the high 
incidence areas of brucellosis in Aksu Prefecture. High temperature, low relative humidity, and low wind speed 
were found to be more favorable for brucellosis activity in Aksu Prefecture, and the lag effect was observed to 
be significant over a four-month period. The findings of this study provide a valuable reference for local public 
health personnel in the formulation of preventive and control measures.

Data availability
The datasets generated and/or analysed during the current study are not publicly available due to governance 
restrictions or the identifiable nature of the data, but are available from the corresponding author (send requests 
to 357935099@qq.com) on reasonable request.
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