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Abstract

Background: Zoonotic cutaneous leishmaniasis (ZCL) is a significant vector-borne disease in northeastern Iran, strong-
ly affected by climatic conditions. Maraveh Tappeh County in Golestan Province is an endemic area with considerable
annual case numbers. This study aimed to predict monthly ZCL trends and identify key bioclimatic factors influencing
disease occurrence using ARIMA and SARIMA time series models.

Methods: This analytical cross-sectional study used monthly confirmed ZCL case data from 2003 to 2018, obtained
from the Maraveh Tappeh County Health Center. Climatic variables, including temperature indices, relative humidity
indices, total monthly precipitation and number of rainy days, were collected from the local meteorological office. Sta-
tionarity was assessed using the Augmented Dickey—Fuller test and autocorrelation patterns were evaluated through
ACF and PACF plots. ARIMA (AutoRegressive Integrated Moving Average) and SARIMA (Seasonal AutoRegressive
Integrated Moving Average) models were developed, with the optimal model selected based on AIC and BIC criteria.
Cross-correlation analysis examined associations between climatic variables and ZCL incidence at lags of 0-5 months.
Results: A total of 1,301 ZCL cases were reported over the 16 years, with marked monthly and seasonal variability.
Incidence peaked in November and reached its lowest level in June. The ARIMA (2,0,2)-SARIMA (0,0,1)1 model
demonstrated the best predictive performance. Significant positive correlations were observed between ZCL incidence
and relative humidity, precipitation and number of rainy days at short lags (0—2 months), while inverse associations
appeared at longer lags (5 months) (p<0.05).

Conclusion: Relative humidity and precipitation are key drivers of ZCL dynamics in Maraveh Tappeh. Incorporating
SARIMA models into surveillance systems may improve outbreak prediction and support timely prevention and control
strategies.
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Introduction

Leishmaniasis, recognized as one of the most
significant vector-borne parasitic diseases, is
caused by various species of Leishmania and
transmitted in the Old World through the bite
of infected female sand flies of the genus
Phlebotomus. In Iran, the disease presents in two
major clinical and epidemiological forms: cuta-
neous leishmaniasis (CL) and visceral leishman-

iasis (VL). Cutaneous leishmaniasis is further
divided into two principal types: Zoonotic cu-
taneous leishmaniasis (ZCL), primarily caused
by Leishmania major, with Phlebotomus pa-
patasi as the main vector and wild rodents as
the reservoir hosts; and anthroponotic cutane-
ous leishmaniasis (ACL), typically caused by
L. tropica, with Ph. sergenti as the main vec-
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tor and humans and dogs serving as the pri-
mary and secondary reservoirs, respectively. Zo-
onotic cutaneous leishmaniasis occurs in dif-
ferent regions of Iran, including central, north-
eastern, western, south-western and south-east-
ern areas, where the distribution patterns of
vectors and reservoirs vary according to eco-
logical, climatic and seasonal conditions (1).

Golestan Province is considered one of the
most important endemic foci of ZCL in Iran,
with multiple studies confirming the presence
of a complete transmission cycle (2-7). In this
province, L. major is the predominant causa-
tive agent, transmitted mainly by Ph. papatasi,
which maintains close ecological associations
with rodent reservoir hosts, notably Rhombomys
opimus and Meriones libycus (2). According to
systematic reviews and analytical data from
Golestan Province during 2010-2017, the an-
nual number of reported CL cases ranged from
360 to 1,766, with a mean annual incidence
rate of 31.7 per 100,000 population. In the north-
eastern counties, Gonbad Kavus and Maraveh
Tappeh are classified as highly endemic, with
incidence rates of 153 and 117 per 1,000 pop-
ulation, respectively, highlighting strong focal
clustering and the need for targeted control
measures (11, 12). Field observations indicate
that demographic changes, expansion of human
settlements into reservoir habitats and increased
human vector contact are significant contribu-
tors to the persistence of active ZCL foci in
this region (4-7).

Entomological and zoological surveys indi-
cate significantly higher densities of vector sand
flies and wild rodent reservoirs in the north-
eastern endemic zones of the province com-
pared to other areas (5, 6, 13, 14). This elevat-
ed distribution is largely attributed to favora-
ble geographic and climatic conditions, including
optimal temperature, relative humidity, vege-
tation cover and soil properties that support
the breeding and survival of Ph. papatasi and
the reproduction of R. opimus and M. libycus
(13, 14). Therefore, the relationship between
these climatic and geographical factors and the
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distribution of Ph. papatasi has been investi-
gated in various studies, for example: In a study
conducted in Golestan Province (13), slope,
altitude, annual mean temperature and the nor-
malized difference vegetation index (NDVI)
were introduced as the most significant factors
in the distribution of Ph. papatasi. In another
Iranian study, the mean temperature of the
wettest quarter, slope, precipitation seasonal-
ity and precipitation of the wettest quarter
were identified as key factors associated with
the species' distribution (14).

These climatic and geographical factors al-
so affect the distribution of R. opimus as a
main reservoir host of ZCL, as in a study con-
ducted in Golestan Province, mean tempera-
ture (°C) of driest quarter, maximum tempera-
ture (°C) of warmest quarter and altitude from
the sea level (m) had more effect on the dis-
tribution of R. opimus (15). Therefore, it can
be said that temperature, precipitation and rel-
ative humidity are known as the most signifi-
cant factors associated with the distribution,
growth and development of Ph. papatasi and
R. opimus and also the distribution of ZCL (16).

A time series is a set of time-ordered ob-
servations of a process where the intervals be-
tween observations remain constant (for exam-
ple, weeks, months, years and minor deviations
in the intervals are acceptable) (17). Time se-
ries data are often distinguished from other
types of longitudinal data by the number and
source of observations and due to its unique
structure, a time series exhibits features that
are either absent or less prominent in cross-
sectional and longitudinal data types (18). One
of the most important uses of time series is in
predicting diseases such as leishmaniasis, which
is very important in the care of this disease.
Forecasting of leishmaniasis is done with var-
ious tools and software with the goals of iden-
tifying active foci and areas at risk of the dis-
ease, predicting disease epidemics and re-
sponding quickly to them, the scope of the
spread of vectors and reservoirs and identify-
ing climatic and geographical factors affect-
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ing their spread, of which time series is one of
the most important of these tools (19-23).

Epidemiological investigations in Kalaleh,
Maraveh Tappeh and Gonbad Kavus Counties
have revealed similar transmission patterns, with
seasonal peaks in autumn and early winter (3-5)
and time series are a very useful tool for pre-
dicting seasonal diseases such as cutaneous
leishmaniasis, due to their ability to model re-
curring patterns and accurately identify tem-
poral relationships with environmental factors.
This allows for quantitative prediction of fu-
ture cases and proactive resource management
(24, 25).

Given that multiple anthropogenic, biological
and environmental factors contribute to the oc-
currence, endemicity and distribution of leish-
maniasis, the disease is inherently sensitive to
environmental and climatic variability (26). Ev-
idence indicates that environmental features di-
rectly influence the dynamics and distribution
of leishmaniasis by affecting the three core
elements of its transmission cycle: parasite
(Leishmania spp.), vectors (sand flies) and res-
ervoirs (wild rodents and other animal hosts),
potentially altering the epidemiology of the dis-
ease at local, national and global levels (27,
28). Considering the established role of climat-
ic parameters in the occurrence and persistence
of CL and recognizing Maraveh Tappeh Coun-
ty as one of the principal foci of the disease in
Golestan Province, the present study was con-
ducted in 2019 to forecast CL incidence trends
and identify the most influential climatic fac-
tors associated with transmission in this area.
A time series modeling approach was applied
to analyze epidemiological and climatic da-
tasets, enabling scientific monitoring and pre-
dictive assessment of the disease’s future tra-
jectory. The findings aim to serve as an evi-
dence-based decision-support tool for health
authorities and local policymakers in the plan-
ning and implementation of targeted control
and prevention strategies.
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Materials and Methods

Study area

Maraveh Tappeh County, located in the
northeast of Golestan Province, borders Turk-
menistan to the north, North Khorasan Prov-
ince to the east and Gonbad Kavus and Kalaleh
counties to the south and west, respectively
(Fig. 1). Owing to its unique geographical set-
ting ranging from a semi-arid to arid climate,
with diverse topography including plains, trop-
ical mountains and forested highlands and the
presence of vectors (Ph. papatasi) and prima-
ry reservoirs (R. opimus, M. libycus), this coun-
ty is recognized as one of the most important
endemic foci of ZCL in Iran. The study site
was selected based on prior epidemiological
evidence and a surveillance reporting cover-
age rate exceeding 95%, ensuring comprehen-
sive data capture from all health service units
in the county.

Study design and population

This time-series analytical study was based
on a 16-year time-series dataset, enabling the
detection of temporal trends, seasonal patterns
and short-term forecasts. According to the na-
tional guideline, a confirmed case was defined
as a patient with a clinically compatible skin
lesion and laboratory confirmation through mi-
croscopic examination (direct smear with Giem-
sa staining). The entire covered population
(~65,000 individuals) served as the reference
population.

Data collection

Monthly epidemiological data on confirmed
cutaneous leishmaniasis (CL) cases in Mara-
veh Tappeh County from 2003 to 2018 were
obtained from the County Health Center and
verified through the Health Information Sys-
tem (HIS) and standard surveillance forms. Da-
ta were analyzed for the 16-year period from
January 2003 to December 2018. Model cali-
bration was based on this observed dataset and
forecasts were then generated for the subse-
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quent 12-month period (January—December
2019).

Data were entered into structured checklists
and imported into Stata (version 14.0; StataCorp
LP, College Station, TX, USA) as the depend-
ent variable. All records were aggregated on a
monthly basis to reflect the epidemiological pat-
tern of cutaneous leishmaniasis, which typical-
ly exhibits distinct seasonal peaks during au-
tumn and early winter and lower incidence from
late spring to summer. Monthly climatic var-
iables, including minimum, maximum and mean
air temperature (°C); minimum, maximum and
mean relative humidity (%RH); total precipi-
tation (mm); and number of rainy days, were
obtained from the local meteorological station
and entered into the software as independent
variables.

A total of 1301 confirmed CL cases were
reported during the observed period (2003—
2018) with >95% verified surveillance cover-
age, as documented in the national leishmani-
asis registry (Golestan Provincial Center for
Communicable Diseases Control). The 159 cas-
es mentioned in the results correspond to the
model-predicted total for 2019, representing the
12-month forecast horizon beyond the observed
dataset.

Data preprocessing

Data preprocessing was performed in
Stata v14.0. Visual inspection using boxplots
and statistical screening revealed no extreme
outliers in the climatic or epidemiologic time
series; therefore, no removal or Winsorization
was required. The dataset contained no miss-
ing observations. Accordingly, all statistical
analyses were performed on the complete da-
taset without the need for imputation or sensi-
tivity analyses. Non-normally distributed var-
iables were normalized using natural loga-
rithmic transformation. Time-series stationari-
ty was assessed using the Augmented Dick-
ey—Fuller (ADF) and Kwiatkowski—Phillips—
Schmidt-Shin (KPSS) tests; non-stationary se-
ries were differenced (regular or seasonal) to
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achieve stationarity. The selection of climatic
lags (0-5 months) was based on the duration
of the vector's life cycle (~6-8 weeks) and the
incubation period of L. major (~2—4 months).

Time series modeling

Time series, defined as sequences of regu-
larly collected observations, allow the identi-
fication of trends, seasonal structures and fore-
casting potential. For predictive modeling, we
employed Autoregressive Integrated Moving
Average (ARIMA) and its seasonal extension
SARIMA (P, D, Q, S), which are among the
most robust linear time series models for sta-
tionary data. It is important to note that these
models were fitted as univariate time series
models, using monthly CL incidence as the
sole dependent variable. To account for an-
nual seasonality, the seasonal length S was set
to 12 months (29, 30). An ARIMA model is
characterized by three parameters: p, the order
of the autoregressive (AR) component; d, the
degree of differencing required to attain sta-
tionarity; and g, the order of the moving aver-
age (MA) component. In seasonal SARIMA
models, the parameters P, D, Q and S are ad-
ditionally included (31, 32). The optimal pa-
rameter combination was determined using au-
tocorrelation (ACF) and partial autocorrela-
tion (PACF) plots, together with information
criteria (AIC and BIC).

The ARIMA and SARIMA models applied
in this study are linear time series approaches
that relate present observations to past values
and stochastic errors. Although nonlinear or
hybrid alternatives such as ARIMAX, SARI-
MAX, or machine learning architectures (e.g.,
GRU, LSTM) can capture more complex de-
pendencies, these methods were not adopted
here. The relatively limited dataset length (2003—
2018), the study’s interpretive epidemiologi-
cal purpose and the need for transparent pa-
rameter interpretation favored the use of par-
simonious linear models. ARIMA/SARIMA
formulations have been widely employed in
infectious disease time series analyses be-
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cause they offer an effective balance between
interpretability and predictive performance, en-
abling both short-term forecasting and mech-
anistic epidemiological explanation.

Model evaluation and selection

Candidate models were compared using the
Akaike Information Criterion (AIC) and Bayes-
ian Information Criterion (BIC), with prefer-
ence given to the model yielding the lowest
values. Statistical significance of model coef-
ficients was determined at a 95% confidence
level (p<0.05). Model residuals were evalu-
ated using the Ljung-Box and Portmanteau tests
to verify independence and adequacy.

Since the primary aim of this analysis was
to characterize temporal associations between
climatic variables and cutaneous leishmania-
sis (CL) incidence rather than to develop an
operational forecasting model, the entire da-
taset (January 2003—December 2018) was used
for model calibration. Model validity and pre-
dictive adequacy were confirmed through re-
sidual diagnostics (Ljung—Box and Portman-
teau tests) and information criteria (AIC and
BIC) rather than through an out-of-sample eval-
uation period.

After model calibration using data from Jan-
uary 2003 to December 2018, the final ARIMA/
SARIMA models were employed to generate
short-term forecasts extending 12 months ahead
(January—December 2019). This horizon, cor-
responding to a full annual seasonal cycle,
enabled validation of the model’s ability to
reproduce monthly trends and seasonal peaks
beyond the calibration period.

Since monthly CL incidence data represent
count outcomes with right-skewed distribution,
values were log-transformed [log(y + 1)] before
ARIMA/SARIMA model fitting to achieve var-
iance stabilization and normality of residuals.
Consequently, the estimated parameters and
residual standard deviations (e.g., 0.445) pre-
sented in Table2 are reported on the trans-
formed scale. Forecasts were subsequently
back-transformed to the original count scale
for interpretation and graphical presentation.
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Analysis of climatic factors

The association between climatic factors and
monthly CL incidence was analyzed using cross-
correlation functions (CCF) at lags of 0-5
months. Lag selection was guided by both
biological plausibility and statistical evalua-
tion, corresponding to the approximate devel-
opmental cycle of Ph. papatasi (~6—8 weeks)
and the incubation period of L. major (~2-4
months). All analyses were performed using
Stata v14.0 (StataCorp LP, College Station,
TX, USA). Preprocessing and data manage-
ment were carried out with the generate, re-
place and summarize commands. Normality
of variables was checked using histogram and
kdensity and missing values <5% were im-
puted via a centered moving average proce-
dure. Stationarity of each time series was as-
sessed using Augmented Dickey—Fuller (AD-
Fuller) and Kwiatkowski—Phillips—Schmidt—
Shin (KPSS) tests; where required, differenc-
ing was applied using gen Dvar = D.var.

Before conducting cross-correlation anal-
yses, multicollinearity among the climatic pre-
dictors was assessed. Variance Inflation Fac-
tors (VIF) were calculated using the VIF com-
mand, with all values falling below 5, indicat-
ing no concerning multicollinearity. This was
further supported by examining Pearson cor-
relation matrices, which revealed strong cor-
relations between variables such as minimum
and maximum temperatures. Where high corre-
lations were detected, separate analyses were
conducted for each climatic variable group to
ensure valid inference. Cross-correlation anal-
yses were then conducted using the ccf and
corrgram commands and only statistically sig-
nificant lagged associations (p<0.05) were re-
ported. Results were interpreted in terms of
short-term predictive effects or lagged impacts.

It is critical to note that all ARIMA and
SARIMA models were fitted as univariate time
series models, using monthly CL incidence as
the sole dependent variable. Climatic varia-
bles were not entered as covariates within the
ARIMA/SARIMA framework; rather, their tem-
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poral associations with CL incidence were as-
sessed separately through CCF analyses to iden-
tify time-lagged relationships. Seasonal adjust-
ment and model fitting for the univariate CL
series were performed with the ARIMA com-
mand and model diagnostics were obtained from
estat ic, ac, pac and Portmanteau (Ljung—Box)
tests. To prevent overfitting, the final lag con-
figuration for the univariate ARIMA/ SARIMA
model was chosen by minimizing the Akaike
Information Criterion (AIC) and Bayesian In-
formation Criterion (BIC), ensuring model par-
simony, reproducibility and biological consisten-
cy in the climatic—epidemiological time series
relationships. This approach ensured that the
forecasting model remained parsimonious and
based solely on the historical incidence data.

Results

From 2003 to 2018, a total of 1301 cases
of CL were identified within the covered pop-
ulation of Maraveh Tappeh County. The high-
est annual incidence was reported in 2018 with
159 cases, whereas the lowest was observed
in 2006 with only 10 cases. Monthly distribu-
tion analysis indicated that November had the
highest incidence, with 397 cases, while June
had the lowest, with 10 cases (Fig. 2). This sea-
sonal peak aligns with the behavior and life
cycle of the vector Ph. papatasi, whose pop-
ulation density peaks in late summer. Consid-
ering the incubation period of L. major (<4
months), the November peak is biologically
plausible.

The autocorrelation plot (Fig. 3) showed a
regular sinusoidal pattern with significant peaks
at 12- and 24-month lags, indicating stability
of the transmission cycle and the annual re-
currence of the disease. Such marked season-
ality supports the application of seasonal time
series models such as SARIMA, which are
appropriate for datasets with consistent peri-
odic fluctuations.

Following the fitting of multiple models
and comparison using the Akaike Information
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Criterion (AIC), Bayesian Information Crite-
rion (BIC), root mean square error (RMSE),
and residual diagnostics (Ljung Box and Port-
manteau tests), the ARIMA (2,0,2) SARIMA
(0,0,1)12 specification was identified as the op-
timal predictive model. Beyond its superior sta-
tistical performance, this model is theoretical-
ly consistent with the annual transmission pat-
tern of CL.: the seasonal component (S=12) cap-
tures year-to-year fluctuations, while the non-
seasonal component models short-term varia-
tions and stochastic noise.

As illustrated in Fig. 4, the chosen model
successfully predicted overall trends and sea-
sonal peaks for the following year without a
substantial rise in predictive error. Compari-
son of the SARIMA-based forecast with ob-
served ZCL cases in 2019 demonstrated a good
agreement in overall trend and seasonal varia-
tion, indicating acceptable predictive perfor-
mance of the model.

At a significance level of 0.05, statistically
significant positive associations were identi-
fied between monthly CL incidence and spe-
cific humidity and precipitation indices at de-
fined lag intervals:

e Mean relative humidity at lag 0 months (p=
0.17) and lag 2 months ($=0.14)

e Minimum relative humidity at lag 2 months
(B=0.16)

e Maximum relative humidity at lag 0 months
(B=0.16)

e Total precipitation at lag 2 months (f=0.21)

e Number of rainy days at lag 0 months (f=
0.21) and lag 2 months ($=0.17)

From ecological and epidemiological per-
spectives, these findings indicate that increased
humidity and rainfall improve survival, feed-
ing and breeding conditions for Ph. papatasi
and stabilize reservoir habitats for R. opimus
and M. libycus. The two-month lag corresponds
to the vector’s developmental cycle (~6—8
weeks) and the incubation period of L. major
(up to four months). By fostering vegetation
growth and maintaining soil moisture, precip-
itation and humidity, burrow systems and other
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microhabitats for both vectors and reservoirs.
The two-month delay likely represents the pe-
riod needed for environmental changes to im-
pact vector abundance and human transmis-
sion. In contrast, at longer lags such as five
months, inverse associations were occasion-
ally observed, potentially reflecting secondary
climatic impacts on vector population dynam-
ics or altered reservoir behavior in dry sea-
sons (Table 1).

The observed patterns align with vector-
borne disease dynamics theory, whereby cli-
matic variables exert lag-specific effects on
transmission parameters. Under such condi-
tions, ARIMA/SARIMA models combining au-
toregressive (AR), moving average (MA) and
seasonal (SAR/SMA) terms can mathematically
capture these dependencies. Given that the se-
ries was rendered stationary following the Aug-
mented Dickey Fuller (ADF) test, the use of a
model without differencing (d=0) was both ap-
propriate and efficient.

As detailed in Table 2, multiple ARIMA and
SARIMA models incorporating various climat-
ic variables were evaluated. Comparisons were
made using AIC, residual standard deviation,

N
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and the Portmanteau test for residual inde-
pendence. The models with the lowest AIC
values, approximately 245.23 for “number of
rainy days” and 805.15 for “total monthly pre-
cipitation,” and reduced residual dispersion
achieved the highest predictive accuracy. The
final ARIMA (2,0,2)(0,0,1)12 model was deemed
adequate, as the Portmanteau test confirmed
that the residuals were independent (p>0.05).
Although some alternative models fitted with
temperature (mean, minimum, maximum) or hu-
midity (minimum, maximum, mean) variables
occasionally displayed higher implied R2 val-
ues or simpler structures, they ranked lower than
the final model in both fit indices and epide-
miological consistency with the seasonal dis-
ease pattern.

Finally, the ARIMA (2,0,2) SARIMA
(0,0,1)12 model was selected for its superior
statistical fit, relative simplicity and ability to
represent the annual CL transmission cycle
alongside relevant climatic influences. This se-
lection ensures that forecasts are both statis-
tically robust and biologically consistent with
the life cycle of Ph. papatasi.

Maraveh Tappeh

Gonbad-e Kavoos Kalaleh

; Aghghala
Gamishan SIS LS

Bandar-e Torkaman

Aliabad-e Katool

Bandar-e Gaz Gorgan
Kordkooy

Ramiyan

Galikesh

Minoodasht

Azadshahr

Kilometers

0 20 40 80 120

160

Fig. 1. Geographic location of Maraveh Tappeh County in Golestan Province, Iran
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Table 1. Cross-correlation coefficients between climatic variables and monthly cutaneous leishmaniasis cases at lags 0-5 months in Maraveh Tappeh County,
Golestan Province, Iran, 2003-2018

Time-lag  Minimum Maximum  Mean monthly ~ Minimum rela- Maximum rela- Mean monthly Total monthly ~ Number of
(months) temperature temperature temperature tive humidity tive humidity relative humidity  precipitation rainy days
5 0.12 0.08 0.10 0.05 0.06 0.01 -0.15* -0.17*

4 -0.18* -0.14* -0.15* 0.08 0.06 0.07 0.02 0.07

3 -0.09 -0.06 -0.07 0.06 0.04 0.06 -0.02 -0.02

2 -0.15* -0.16* -0.16* 0.16* 0.09 0.14* 0.21* 0.17*

1 0.03 0.03 0.03 0.06 0.09 0.11 -0.04 0.01

0 -0.03 -0.04 -0.04 0.12 0.16* 0.17* 0.08 0.21*

*Significant at p< 0.05

Table 2. ARIMA and SARIMA models fitted to monthly cutaneous leishmaniasis data in Maraveh Tappeh County, Golestan Province, Iran, 2003-2018

Model ARIMA(p,d,q)SARIMA(P,D,Q,S - - - - - - o SDofre- pcw p Pt_valute
ode (p.d.a) (PDRS)  Ar1  AR2Z AR3 MAL MA2 SAR SMA  siduals ( O:eggza‘?a“)
ARIMA(2,0,2) SARIMA(L,0,0,12) 171 -0.97* - 105 041 010 ; 2.39 889.61 0.4836
ARIMA(2,0,2) SARIMA(1,0,0,12) 171*  -0.98* - 114* 048 -0.09 ; 1.97 973.206 0.2083
ARIMA(2,0,2) SARIMA(1,0,1,12) 172¢  -0.98* - -1.09*  044* 055 054 2.62 927.76 0.3284
ARIMA(3,0,1) SARIMA(1,0,0,12) 118*  -019 -0.30* -0.82* - 0.16* 7.14 1311.31 0.1427
ARIMA(2,0,2) SARIMA(1,0,1,12) 170*  -0.97* - 156*  0.85* 097* -0.90* 595 1269.77 0.4390
ARIMA(L,0,2) SARIMA(1,0,1,12) -0.85* - 1.04*  025% 010* -092*  6.23 1262.37 0.2193
ARIMA(2,0,2) SARIMA(0,0,1,12) 173 -1.0* - - 172 - 1.0 192  805.1556 0.8016
ARIMA(2,0,2) SARIMA(0,0,1,12) 171 -1.0* ; 173 10 002 043* 0445 2452338 0.9621

*Significant at p< 0.05; **AIC (Akaike information criteria), AR (autoregressive), MA (moving average), SMA (seasonal moving average), SAR
(seasonal autoregressive)
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Fig. 2. Temporal trend of monthly cutaneous leishmaniasis cases in Maraveh Tappeh County, Golestan Province, Iran,
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Fig. 3. Autocorrelation function (ACF) of monthly cutaneous leishmaniasis incidence used for time-series model iden-
tification in Maraveh Tappeh County, Golestan Province, Iran, 2003-2018
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Fig. 4. Observed and predicted monthly cutaneous leishmaniasis cases for 2019 in Maraveh Tappeh County, Golestan
Province, Iran

Discussion

This study, encompassing data from 2003
to 2018, not only provides a quantitative pro-
file of CL cases in Maraveh Tappeh County but
also delineates the causal-ecological mecha-
nisms underpinning observed temporal patterns.
Over the study period, 1301 CL cases were doc-
umented in the county’s catchment population.
Strikingly, 82% of cases occurred within a nar-
row four-month window (September—Decem-
ber), supporting a pronounced seasonal cycle
driven by the synchrony between the life cy-
cle of the vector (Ph. papatasi), activity pat-
terns of rodent reservoirs and human exposure
behaviors. Comparable seasonal dynamics have
been reported in other investigations conduct-
ed in Golestan Province (2-6).

From a vector epidemiology perspective, the
peak of Ph. papatasi activity in Golestan Prov-
ince occurs in August and September (2, 5, 7).
This seasonal peak coincides with a subsequent
lag in human CL incidence consistent with the

incubation period of L. major (<4 months) (33),
indicating sustained transmission and accumu-
lation of cases in the post vector-peak phase.
This temporal alignment is critical for defining
optimal intervention windows (e.g., residual
spraying, rodent control) and projecting near-
term incidence trends.

In the present analysis, the ARIMA (2,0,2)—
SARIMA (0,0,1)12 model exhibited the best fit
and predictive performance. Comparable mod-
eling efforts in southern Fars (34) identified
SARIMA (4,1,4)(0,1,0)12 as optimal; in west-
ern Iran (35), SARIMA(1,0,1)(1,0,0)12 was se-
lected; and in Shahroud (36), SARIMA (3,1,1)
(0,1,2)4 (AlIC=324.3, BIC=317.7, RMSE=0.167)
emerged as the best performer. Given the sea-
sonality of CL in these regions, with incidence
rising from around October and declining dur-
ing winter, such forecasts are both epidemio-
logically consistent and expected.

Transmission of CL is shaped by multiple
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determinants, including vector abundance, res-
ervoir host population dynamics and climatic
geographic parameters. We examined the ef-
fects of monthly mean temperature, relative
humidity, rainfall and rainy day frequency on
incidence.

Climatic correlation analyses revealed that
temperature, rainfall and relative humidity joint-
ly depict a complex environmental biological
interaction network. Among these, temperature
is a key determinant, as sand fly development
is tightly constrained within 16-35 °C; within
this range, higher temperatures shorten devel-
opment time (7, 33, 37). However, the signifi-
cant inverse correlations observed at 2- and
4-month lags, contrary to the simplistic as-
sumption that higher temperatures invariably
enhance vector proliferation, suggest thresh-
old effects. Extreme heat may increase larval
mortality, change nighttime activity patterns,
or suppress blood-feeding behavior. Tempera-
tures above the developmental range of sand
flies, by creating aestivation conditions, cause
the development of sand flies to be inactive and
lead to a decrease in the incidence of cutane-
ous leishmaniasis. This inverse relationship
may also be related to the secondary role of
reservoir behavior in hot phases of the year
and their reduced contact with the vector (7,
37). Parallel inverse relationships have been
reported in Sri Lanka and Khuzestan (27, 38),
whereas studies in Isfahan (39) and Costa Rica
(40) have demonstrated positive temperature
incidence associations. Such discrepancies be-
tween cooler temperate zones like Isfahan
(39) and humid tropical settings like Costa Rica
(40) emphasize the geographic specificity of
climate disease linkages. In Khuzestan (27),
annual mean temperature correlated positively
with incidence and in Fars (34), positive as-
sociations were detected at a 3-month lag. Find-
ings from Sabzevar (41) mirrored the present
results, showing negative correlations with
monthly mean temperature.

Rainfall and rainy day count also emerged
as significant predictors. The bimodal effect,
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positive associations at shorter lags and nega-
tive associations at a 5-month lag, suggests a
dual role: acutely, rainfall promotes suitable
breeding habitat via increased moisture and
vegetation cover; over longer periods, flood-
ing and habitat degradation may suppress vec-
tor populations. Post-rain vegetation growth
can boost reservoir rodent abundance, with tim-
ing contingent on breeding cycles that may
lag rainfall (33). Here, total rainfall correlated
positively at a 2-month lag and rainy day fre-
quency correlated positively at 0 and 2-month
lags; both factors were inversely correlated at
a 5-month lag. Comparable positive rainfall
CL associations have been reported in Brazil
(42), Sabzevar (41), and Fars (34) at 3- and
9-month lags. Conversely, studies in Fars (34)
and Kerman (43) have documented negative
associations, and an Isfahan investigation (39)
observed no significant relationship. In Mo-
rocco (44), minimum temperature and rainfall
were both positively linked to wet-type and
dry-type CL,; similar patterns have been noted
in Africa, Europe, and Iran (45-47).

Relative humidity demonstrated a stable pos-
itive correlation at 0, 2 and 4 month lags, re-
flecting its role in maintaining vector physi-
ological viability. This relationship aligns with
reports from Sabzevar (41), Isfahan (39) and
Khuzestan (27). Humidity is a recognized de-
terminant in both ACL and visceral leishman-
iasis (45, 46), with effects documented even in
hyper-arid endemic zones, indicating that even
marginal changes in ambient moisture can tip
habitat suitability in favor of vectors. From a
public health perspective, these findings sup-
port embedding climate-driven models within
early warning surveillance systems. Identifi-
cation of optimal predictor lags (2—4 months)
suggests real-time climatic inputs can reliably
forecast near-term incidence, optimizing re-
source allocation, intervention timing and de-
ployment of mobile health units. Also, based
on two to four month lags, climatic data can
serve as early indicators predicting increases
in cutaneous leishmaniasis incidence approxi-
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mately 2-4 months in advance.” However,
projected climate-change scenarios, including
warming trends, altered precipitation regimes
and humidity variability, pose potential dis-
ruptions to these associations, necessitating
adaptive forecasting frameworks. Future work
integrating outputs from regional climate mod-
els with SARIMA or hybrid approaches such
as ARIMAX could enhance policy-relevant pre-
dictive capacity. This study not only identifies
the seasonal and climatic drivers of CL inci-
dence in Maraveh Tappeh but also underscores
the value of integrating climatic, land cover,
and behavioral factors into multi-scale predic-
tive models. Such models could enhance early
warning capabilities and improve response strat-
egies for leishmaniasis control.

This study has certain limitations that should
be considered when interpreting the results. Due
to its ecological time-series design, causal in-
ferences between climatic factors and cutane-
ous leishmaniasis incidence cannot be defini-
tively established and the findings primarily
reflect temporal associations. Additionally, the
use of routine surveillance data may be as-
sociated with some degree of underreporting,
particularly for mild or non-referred cases. Fi-
nally, the predictive models were developed
based on historical patterns and therefore, un-
expected climatic fluctuations or large-scale in-
terventions could influence long-term forecast
accuracy.

Despite these considerations, the applica-
tion of a long-term dataset and a biologically
coherent SARIMA model provides robust and
policy-relevant insights for disease monitor-
ing and early warning in endemic areas. The
absence of a formal sensitivity analysis to as-
sess the robustness of the results to alternative
lag specifications or model formulations should
be considered a limitation of this study.

Conclusion

A 16-year analysis from Maraveh Tappeh
County shows that cutaneous leishmaniasis fol-
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lows a clear seasonal pattern strongly influ-
enced by temperature, precipitation and rela-
tive humidity. Climatic effects were nonlinear
and lag-dependent, with short-term conditions
favoring vector activity and longer-term or ex-
treme conditions limiting vector survival. The
temporal consistency between Ph. papatasi ac-
tivity and subsequent human cases, along with
identified 2—4-month lags, supports the use of
climate-based early-warning systems. ARIMA
and SARIMA models effectively captured and
forecasted disease trends, highlighting their val-
ue for optimizing the timing of preventive in-
terventions. These results underscore the im-
portance of location-specific strategies that in-
tegrate climatic, land-use and vegetation data,
particularly in the context of climate-driven
shifts in CL transmission.
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