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ABSTRACT

Objectives: Crimean-Congo hemorrhagic fever (CCHF) is a zoonotic viral tick-borne disease that has seen a re-
surgence in Iraq in recent years, and this study aimed to explore environmental and socio-economic drivers of
this resurgence in southeastern Iraq.

Methods: We used weekly CCHF case data by province and demographic strata (sex, children, adults, older
adults) and performed initial covariate exploration using Pearson correlation and penalized feature screening
(Least Absolute Shrinkage and Selection Operator (LASSO), elastic net). We fitted generalized additive mixed
models (negative binomial) with cyclic seasonality and region-level random effects to a subset of the best
performing covariates. Residual temporal autocorrelation (AR) was assessed and AR(1) mixed-effects refits were
attempted until a best-fit model was identified.

Results: As anticipated, land use and many socio-economic covariates showed strong correlations in initial
covariate exploration, and similar patterns were observed among humidity, temperature, and precipitation. The
main model (total cases) explained ~80% deviance, showing strong seasonality and spatial heterogeneity. The
self-calibrated Palmer Drought Severity Index and counts of incoming internally displaced persons were the most
stable predictors.

Conclusion: In southeastern Iraq, CCHF risk was seasonal and spatially heterogeneous and environmental and
socio-economic contexts likely modulate outbreaks and resurgence.

Introduction

CCHF was first described in Crimea in 1944 among soldiers and
agricultural workers and later recognized as identical to a virus isolated

Crimean-Congo hemorrhagic fever (CCHF) is a zoonotic viral tick-
borne disease (genus Orthonairovirus) associated with severe hemorrhagic
manifestations (fever, hepatitis, organ failure, and potentially extended
periods of disability). Mortality varies by context, with high-fatality out-
breaks documented in humans, worsened by a lack of specific treatment
options or vaccines [1-3]. Transmission is largely through bites from in-
fected Hyalomma ticks (mainly, Hyalomma marginatum spp.) or through
contact with infected blood or tissues of viremic individuals. The virus is
maintained in a wide range of wild and domestic animals, creating mul-
tiple amplifying and reservoir hosts. Furthermore, there is evidence of
sexual transmission and vertical transmission during pregnancy [4,5].
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from a child in the Congo in 1956. Today, CCHF is endemic in Africa,
western and southeastern Asia, and the Balkans, with 3 billion people
considered at risk [3,6]. CCHF was first documented in Iraq in the late
1970s, and early cases were sporadic and often underreported due to
limited surveillance and diagnostic capacity [4,7,8]. The 2000s saw
intermittent rural cases, and increased surveillance and reporting ef-
forts in the 2010s highlighted recurrent outbreaks in southern and
central provinces (Dhi-Qar, Wasit, and Babylon), with some nosocomial
transmission [4,7,8]. From 2021 to 2022, there has been a significant
surge and in 2022, Iraq experienced one of its largest-ever outbreaks
(> 200 cases), particularly, in the southern provinces, resulting in
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dozens of deaths (case fatality rate ~30%) [2,4,8,9]. Health system
constraints (limited personal protective equipment and disrupted ve-
terinary and tick control services) and cultural/occupational exposures
(e.g. animal slaughtering during religious practices) may have ampli-
fied the risk [2,4,9].

Factors such as increased temperatures, uncontrolled animal
movement, and vector behavior have been identified as contributors to
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Copernicus Climate Data Store, ERA [5,37]
Copernicus Climate Data Store [38]
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Data processing and harmonization

We used daily CCHF line list data provided by the Public Health
Department, Basrah Health Directorate, Basrah, Iraq, reported by dis-
trict and province. The data were aggregated to ISO-8601 epidemio-
logic weeks and to the Global Administrative Areas unit 1 (provinces)
scale [13]. These spatial and temporal units were chosen because they
best represented the spread of the data across the period (e.g. to ensure
sufficient cases fell within the spatial/temporal unit). Weekly case
counts were disaggregated by males, females, children (less than 16
years of age), adults (16 to less than 60 years old), and older adults (60
years or older); these six outcomes formed the basis of all modeling
analyses. The age of 60 years or older was used to define “older adults”
to reflect the population structure in Iraq, where the average life ex-
pectancy is 72 years [14] and ensure sufficient sample sizes within each
subgroup for stable model estimations.

Climatic and socio-economic covariates were harmonized to the
common temporal/spatial scales of the CCHF outcome data (adminis-

Coverage of trees, scrubs, grass, built-up, bare, seasonal/permeant water,

moss/lichens, snow
Binary presence of Eid al-Fitr or Eid al-Adha in current or previous week

Multidimensional poverty index value, headcount ratio, intensity,

Temperature (°C), relative humidity (%) and precipitation (mm)
vulnerability, and severe poverty

Number of reported conflict events

Surface soil moisture (%)

Self-calibrated palmers drought severity index
Number of incoming internally displaced people

Elevation in meters above sea level

Full details of the environmental and socio-economic covariates considered in the best-fit generalized additive mixed-effect models.
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inter-regional heterogeneity across all six outcomes. We then evaluated
multicollinearity among covariates by computing Pearson correlation
coefficients across all continuous predictors and plotting the resulting
matrix as a labeled heatmap. This assessment informed the decision to
apply penalized regression methods during feature selection.

Preliminary feature selection using penalized regression

Due to the large number of potential covariates and their high de-
gree of correlation, we used penalized regression to perform outcome-
specific feature screening. Each of the six outcomes were modeled in-
dependently, reflecting potential differences in demographic risk
structures and exposure pathways. For each outcome, we constructed a
model matrix of all candidate covariates and fitted Poisson models
using the glmnet framework [16], applying two complementary pena-
lization schemes:

1. Least Absolute Shrinkage and Selection Operator (LASSO) regression
(a = 1): to induce sparsity and eliminate uninformative predictors
by shrinking coefficients exactly to zero.

2. Elastic net regression (a = 0.5): to stabilize selection in the presence
of multicollinearity, distributing weight across groups of correlated
predictors rather than arbitrarily selecting a single variable.

In both models, the regularization parameter (\.) was selected using
K-fold cross-validation. After fitting, we extracted all covariates whose
coefficients were non-zero at the optimal penalty parameter. LASSO
and elastic net impose different shrinkage structures; therefore, agree-
ment between them provides a stringent indicator of a covariate with a
genuine and reproducible association [19]. We defined the “top cov-
ariates” for each outcome as those jointly selected by both penalized
models, that is, the intersection of the non-zero coefficient sets. This
stability-based criterion naturally yields a different number of covari-
ates for each outcome, reflecting underlying variation in signal strength
and demographic-specific drivers.

This two-step screening process reduces overfitting risk, constrains
the model search space, and limits the multiple-comparison burden
before fitting more flexible models. Variable importance metrics were
derived from the absolute values of the non-zero coefficients, and the
stable predictors were visualized to facilitate interpretability. The re-
sulting covariate sets represent outcome-specific, data-driven subsets of
the original candidate variables and were exported for consideration in
subsequent best-fit model development.

Main modeling framework

Weekly case counts for each of the six outcomes (total, male, female,
child, adult, older) were independently modeled using generalized ad-
ditive mixed models (GAMs), with a negative binomial likelihood to
accommodate overdispersion observed in exploratory analyses [20,21].
For each outcome, the base model included the following:

1. A cyclic cubic spline for epidemiologic week, s(epiweek, bs = “cc,”
k = 12), which flexibly captures seasonal patterns while ensuring
continuity between the final and first weeks of the year.

2. A region-specific random effect, s(GID1, bs = “re”), to account for
unobserved spatial heterogeneity in baseline risk.

The selection of a negative binomial family was motivated by the
presence of variance exceeding the mean in all outcomes, which would
produce biased standard errors under a Poisson model. Allowing a
dispersion parameter yields more reliable inference for over-dispersed
surveillance counts [17,22]. Each of the six outcomes were modeled
separately to allow outcome-specific seasonality, spatial heterogeneity,
and covariate effects to emerge.
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Forward Akaike Information Criterion (AIC)-based covariate selection

For each outcome, the set of covariates identified during penalized
regression was entered into a forward stepwise model selection proce-
dure. Beginning from the base seasonal + random effects model, each
candidate covariate was added individually, and the corresponding AIC
was computed. Covariates producing a reduction in AIC greater than 2
were retained, and the process iterated until no further improvement
greater than the threshold was detected.

AIC was used because it balances model fit with parsimony and
provides a likelihood-based metric appropriate for comparing non-
nested GAMs with differing fixed-effect structures. Conducting this
procedure separately for each of the six outcomes allowed the final
covariate sets to differ across demographic subgroups [23].

Importantly, this forward stepwise procedure is inherently path-
dependent: the first covariate selected is the one that gives the greatest
immediate reduction in AIC, and this initial choice influences which
covariates appear beneficial at subsequent steps. Covariates that are
correlated with the first-selected variable may no longer offer sufficient
additional improvement to be retained, even if they would have been
selected had the search begun from a different starting point. Thus,
each outcome’s final model represents the best incremental improve-
ment under an AIC-minimization strategy applied to the pre-filtered
covariate set rather than a guarantee of the globally optimal combi-
nation of predictors.

Assessment of temporal autocorrelation and AR(1) mixed-effects refinement

After fitting the final GAM for each outcome, we examined Pearson
residuals to assess within-region temporal autocorrelation. For each
administrative unit, the lag-1 Autocorrelation Function (ACF1) was
computed, and the median ACF1 across all regions was used as a robust
overall diagnostic. A threshold of median ACF1 > 0.25 indicated that
serial dependence was not adequately captured.

In such cases, the model was re-estimated using a generalized linear
mixed model with an AutoRegressive (AR)(1) correlation structure
(glmmTMB). These models were specified with the same fixed-effect
covariates identified by the GAM, a random intercept for GID1 and an
AR(1) correlation term over epidemiologic week within each region.
This approach distinguishes long-term spatial heterogeneity (random
intercepts) from short-term epidemic dynamics (serial correlation),
improving inference when autocorrelation is non-negligible.
Convergence issues were noted where present. This refinement was
performed independently for each of the six outcomes, reflecting their
distinct residual structures [18,24].

Sensitivity analysis

We ran several sensitivity analyses to provide further clarification
and strengthening around methodological decisions; these included
analyses related to temporal aggregation, structured covariates, tem-
poral autocorrelation, and leave-one-year-out (LOYO) cross-validation.

To assess the potential impact of aggregating covariates from dif-
fering temporal resolutions to weekly scale, we conducted a sensitivity
analysis using data aggregated to monthly resolution. Weekly case
counts and covariates were aggregated to calendar months at the ad-
ministrative unit 1 level. The primary model structure was then refit for
the main outcome (total cases), retaining the same covariates identified
in the weekly analysis (self-calibrated Palmer Drought Severity Index
[scPDSI] and incoming internally displaced persons [IDPs]), alongside a
cyclic seasonal smooth for month and region-level random effects.
Model coefficients and overall fit were compared with the original
weekly model to evaluate the robustness of the identified associations.

To assess whether covariate selection was sensitive to the omission
of seasonal and spatial structure during penalized screening, we con-
ducted an additional analysis in which candidate covariates were
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evaluated within the full modeling framework. A baseline GAM, in-
cluding only a cyclic seasonal smooth and region-level random effects,
was first fitted. Candidate covariates were then assessed based on their
incremental contribution to model fit within this framework.

To evaluate residual temporal dependence beyond lag 1, we com-
puted within-region Pearson residual autocorrelation up to lag 6.
Median autocorrelation across regions was used as a summary diag-
nostic.

To assess whether model results were driven by any single year, we
conducted a LOYO analysis. The model was refit iteratively excluding
each year in turn, and predictive performance was evaluated on the
held-out data. Covariate selection and coefficient estimates were com-
pared across folds to assess stability.

Results
Spatial and temporal structure of the CCHF data

Between April 19, 2022 to August 10, 2025, there were 497 unique
cases of CCHF reported in the line list data collected by the Public
Health Laboratory in Basrah, Iraq; these ranged in age from 1 to 90
years and were mainly reported in Al-Basrah (n = 441) and Maysan
(n = 46), followed by Dhi-Qar (n = 6), Al-Qadisiyah (n = 1), Karbala’
(n = 1), and Wasit (n = 1). Demographically, males exceeded females
(308 vs 189), and adults accounted for most cases (n = 399), with 62
older adults and 30 children.

The main model outcome (total cases) is shown in Figure 1 in the
temporal and spatial resolution of the analysis (administrative unit 1
and epidemiologic week). The year 2023 reported the highest number
of cases across the observation period with 317 cases, although it
should be noted that at the time of the analysis, the year of 2025 was
incomplete.

Preliminary analysis

Pearson correlation coefficient values for all the continuous vari-
ables included in the analysis for the full data set used for model fitting
are presented in Figure 2. As anticipated, land use and many socio-
economic covariates showed strong correlations. Similar patterns were
observed among humidity, temperature, and precipitation, reflecting
their intrinsic coupling within the global climate system. This high
degree of collinearity among many covariates confirmed the need for a
preliminary covariates selection process before identifying covariates
for the best-fit models Figure 2.

For the feature selection using elastic net and LASSO, precipitation
variables produced particularly high values across all outcomes, fol-
lowed by tree cover, permanent and seasonal water, scPDSI, and holi-
days in the previous or current week. Using older adult cases as the
outcome gave the most distinct results, with land cover and holidays
having a much stronger impact, with the proportion urban land
(BuiltUp) also having particularly high variable importance. Figure 3
shows the variable importance values for the main outcome (total
cases); the importance values for the demographic outcomes and the
full table of importance values for the top selected covariates for each
outcome are shown in Appendix 1-2.

Best-fit model according to the main modeling framework

Across the potential covariates identified during penalized feature
screening, the stepwise AIC procedure selected two predictors for the
best-fit GAM for the main outcome (total cases): scPDSI and the number
of IDPs. These covariates produced the largest incremental improve-
ments in model fit when added to the baseline seasonal spline and re-
gional random effect’s structure.

The final GAM explained a substantial proportion of the variation in
weekly incidence (deviance explained: 80.1%), indicating strong
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overall model performance. The model retained the cyclic seasonal
spline for epidemiologic week (edf = 6.26, F = 10.0, P < 0.001),
describing a pronounced non-linear seasonal pattern and a random
intercept for GID1 regions (edf = 2.77, F = 4.0, P < 0.001), con-
firming meaningful spatial heterogeneity in baseline risk.

Both selected covariates showed statistically significant associations
with weekly case counts.

o scPDSI was positively associated with incidence ( = 0.426, SE =
0.075, P = 1.8 x 10~ ®), indicating higher risk during wetter con-
ditions (positive scPDSI denotes wetter conditions, negative scPDSI
denotes drier).

e IDP numbers also demonstrated a positive association (B =
0.000945, SE = 0.000330, P = 0.004), consistent with elevated
transmission potential or increased vulnerability in areas experien-
cing an increase in IDPs.

The estimated random-effect variance for GID1 was modest
(0.036), but its significance suggests structural regional differences
remained even after accounting for environmental and displace-
ment-related predictors. Temporal autocorrelation was negligible;
the median within-region lag-1 ACF was —0.014, below the pre-
specified threshold for AR(1) correction, and AR(1) mixed-effects
refitting was not required. No warnings related to dispersion or
convergence were encountered. The full output for the model is
shown below in Table 2.

Sex-specific models

For male and female cases, the best-fit model retained two covari-
ates: scPDSI and IDP numbers, the same as the total cases. Higher
scPDSI values were associated with increased male case counts (} =
0.436, SE = 0.080, P = 7.2 x 10~ ®) and female counts (} = 0.523, SE
= 0.105, P = 7.6 x 10~7). IDP numbers also showed a positive asso-
ciation with male (3 = 0.00104, SE = 0.00036, P = 0.0035) and fe-
male cases (f = 0.00154, SE = 0.00045, P = 0.00074). The male cases
model performed slightly better (probably due to a larger number of
cases), explaining 80.5% of deviance, compared with 70.1% in the fe-
male case model. There was a strong seasonal pattern (male: s[epi-
week], edf = 6.03, F = 10, female: edf = 4.96, F = 10) alongside
significant spatial heterogeneity (male: s[GID1], edf = 2.76, F = 3,
female: s[GID1], edf = 2.77, F = 4). Residual temporal autocorrelation
was minimal in both models (median ACF1 = 0.11 and —0.006 for
males and females, respectively), remaining below the threshold for AR
(1) correction, and the models showed no convergence or dispersion
issues.

Age-specific models

Adults formed the largest demographic group in the line list data
and, therefore, as expected, the best-fit model for adults closely aligned
with the model for all cases, selecting the same covariates (scPDSI B =
0.465, SE = 0.073, P < 1 x 10~° and IDP numbers f = 0.00117, SE
= 0.00033, P = 0.00039) and performed similarly (79.97% deviance
explained, median ACF1 —0.012). In contrast, for child cases, the best-
fit model included two covariates: tree cover and soil moisture. Soil
moisture showed a significant negative association with weekly child
case incidence ( = —0.521, SE = 0.217, P = 0.017), indicating lower
risk during wetter soil conditions. Tree cover had a large negative
coefficient but with very high uncertainty ( = —173.44, SE =
5105.50, P = 0.97), suggesting an unstable or weak effect. Seasonal
structure was captured by the weekly smooth term (edf = 1.84,
P = 0.75), and substantial spatial variation remained (s[GID1], edf =
1.19, P = 1). The model explained 72.6% of deviance; however, unlike
other outcomes, residual temporal autocorrelation was notable (median
ACF1 = 0.47), exceeding the threshold for AR(1) correction, and the
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Figure 1. The temporal (top) and spatial (bottom) resolution of the data fit to the models here. The temporal scale is by epidemiologic week and the spatial scale is

administrative unit 1.

AR(1)-refitted glmmTMB model did not converge, potentially due to the
lower number of child cases over the study period.

For older adult cases, the AIC procedure selected three covariates: tree
cover, scPDSI, and the presence of a holiday in the current week. Among
these, only scPDSI was statistically significant (3 = 0.254, SE = 0.113,
P = 0.025), indicating higher older incidence during wetter-than-normal
weeks. Tree cover showed a borderline negative association (f = —30.30,
SE = 16.03, P = 0.059), whereas the holiday indicator was non-sig-
nificant (B = —16.7, SE = 1377.4, P = 0.99). The seasonal smooth (edf
=~ 3.86, F = 0.33) and spatial term (edf = 1.40, F = 1) showed com-
paratively weak structure relative to other demographic groups. Residual
temporal autocorrelation was substantial (median ACF1 = 0.39), sug-
gesting that within-region temporal dependence was not fully captured;
the AR(1) glmmTMB refit did not converge. Random-effect variance was

the highest among all outcomes (=1.52), indicating notable unexplained
spatial heterogeneity and only 58.7% of deviance explained. A full table
for all model outputs and performance metrics for the demographic out-
comes are shown in Appendix 3.

Sensitivity analysis

When the data were aggregated to monthly resolution and the pri-
mary model refit, the association between scPDSI and CCHF incidence
remained positive and statistically significant (3 = 0.234, SE = 0.112,
P = 0.03), consistent with the weekly analysis. In contrast, the effect of
incoming IDPs was attenuated and no longer statistically significant at
monthly resolution. Overall model performance was comparable, with
slightly higher deviance explained at monthly scale (82.7%). These
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Figure 2. Pearson correlation coefficient values for all continuous variables used in the analysis. IDPs, internally displaced persons; MPI, multidimensional poverty
index; Precip, precipitation; scPDSI, self-controlled palmer drought severity index.
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Figure 3. Variable importance values for the selected covariates for the main outcome (total cases) using the two methods: elastic net and LASSO. The importance
values are on a logarithmic scale. IDPs, internally displaced persons; scPDSI, self-controlled palmer drought severity index.
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Table 2

IJID One Health 11 (2026) 100126

Model output and performance metrics for the best-fit generalized additive mixed model when considering the best performing subset of covariates against total

numbers of weekly cases.

Selected covariates Akaike Information Criterion Deviance explained

Random effect RE variance AR1 recommended Median ACF1

scPDSI, IDPs 658.5423 0.8011
Parametric terms Estimate
(Intercept) —7.0073
scPDSI 0.4255
IDPs 0.0009
Smooth terms

s(epiweek)

s(GID1)

TRUE 0.0364 FALSE —0.0135
Std_Error P-value

3.0282 0.0209

0.0746 1.8401 x 10~ 8

0.0003 0.0043

EDF F

6.2589 10

2.7718 4

IDPs, internally displaced persons; scPDSI, self-controlled palmer drought severity index.

findings indicate that the main hydro-climatic signal is robust to tem-
poral aggregation, whereas the displacement-related effect appears
more sensitive to temporal resolution.

The baseline model including only seasonal and spatial structure
explained 76.8% of the deviance. When candidate covariates were
evaluated within this framework, scPDSI and incoming IDPs remained
the strongest predictors and were retained in the final model, increasing
the deviance explained to 80.1%. This indicates that the primary cov-
ariates identified during penalized screening are robust to the inclusion
of seasonal and spatial effects.

Residual temporal autocorrelation was minimal across all examined
lags. Median within-region lag-1 autocorrelation was close to zero
(—0.014), and higher-order lags showed similarly low values (e.g. lag-
2 =0.08, with subsequent lags near zero), indicating no substantial
remaining temporal dependence.

In the LOYO analysis, the same covariates (scPDSI and IDPs) were
consistently selected across all folds, indicating stable model structure.
Coefficient estimates varied between folds, particularly, for scPDSI,
reflecting inter-annual variability, but the overall importance of hydro-
climatic conditions was maintained. Predictive performance on held-
out years was reasonable, with the model capturing the overall struc-
ture of observed incidence. These findings suggest that the main results
are not driven by any single outbreak year.

Discussion

We analyzed 4 recent years (2022-2025) of CCHF line list data for
southeastern Iraq, aggregated to a weekly and administrative unit one
temporal and spatial scale, respectively. The cases were heavily con-
centrated in the province of Al-Basrah, and the largest number of cases
were reported in 2023. We explored a range of environmental and
socio-economic covariates against weekly cases of CCHF and against
subsets of the cases by demographic groups to see whether the re-
lationships between CCHEF risk factors altered by age or gender. Using
GAMs, we generally found similar results across the demographic
groups, with the main model (total cases) explaining 80.5% of deviance
and showing a strong seasonal pattern and significant spatial hetero-
geneity. scPDSI and numbers of incoming IDPs were consistently found
to be the most stable predictors, except in the child and older adult
outcomes; however, these models performed poorer, potentially due to
the smaller number of cases than the adults and gender demographic
groups.

In our models, higher scPDSI values, indicating wetter-than-normal
conditions, were consistently associated with increased CCHF in-
cidence, in contrast to precious work which states drier and hotter
conditions being more suited for Hyalomma ticks [25]. Wetter periods
in otherwise relatively dry landscapes promote vegetation growth and
improve microclimatic conditions for off-host tick stages, promoting
survival, and simultaneously supporting higher densities and move-
ment of livestock and wildlife hosts [26]. These finding additionally
support the inclusion in some models and the importance found in the

preliminary analysis of tree cover, which, as an ecosystem, often sup-
ports animals and ticks. Together with seasonally intensified agri-
cultural and animal-handling activities, these conditions create a
landscape of elevated human exposure to infected ticks and animal
blood. Similar associations between CCHF incidence and rainfall, hu-
midity, or vegetation indexes have been reported in Iran, Turkey, India,
and other endemic settings, and risk-mapping studies highlight pre-
cipitation and vegetation as key environmental correlates of CCHF risk
rather than extreme aridity [27-29].

Interestingly, in support of previous studies that found wetter per-
iods leading to higher CCHF incidence, precipitation and vegetation
were found to be the most important predictors during the preliminary
elastic net and LASSO analysis. However, the variable importance from
LASSO/elastic net differs from the GAM AIC-selected covariates be-
cause the two methods solve different modeling problems. LASSO ranks
predictors for linear predictive performance, with no seasonality or
spatial structure, whereas the GAM evaluates incremental explanatory
value after accounting for non-linear seasonality, spatial random ef-
fects, negative binomial error, and correlations between covariates
[19]. As a result, many variables that appear important in LASSO be-
come redundant once key structural components were included in the
GAM. scPDSI perhaps dominated in the final models, compared with
precipitation, because it captures moisture, soil water, vegetation and
livestock and human agriculture behavior all in one index.

The second most stable predictor across the six outcomes was a
higher number of IDPs coming into the reporting province. The effect
was positive but to a much smaller magnitude than for scPDSI and less
stable across the sensitivity analyses. Suggested mechanisms for why
this positive relationship may have emerged here may be due to higher
IDPs also leading to more animal movements, which may be infected
and/or be carrying infected Hyalomma ticks, especially from marsh
areas that are affected the most from droughts in Iraq [30,31]. Once
these IDPs arrive and settle temporarily, this may then lead to extra
pressure on health care systems, potentially reducing early testing and
reporting and leading to higher nosocomial transmission. The at-
tenuation of the IDP effect at monthly resolution likely reflects the
coarser temporal granularity of displacement data and reduced statis-
tical power after aggregation, which may limit the detection of shorter-
term dynamics.

On the contrary to the finding that higher incoming IDPs increased
CCHF transmission, the Multidimensional Poverty Index (MPI) nor the
number of conflict events were found to be significant covariate. For
MPI, this may be due to the coarseness of the data, only being reported
as a static value through the analysis for each province and, therefore,
unlikely to capture more subtle nuances in poverty and inequity in the
region. More cases are reported from the districts outside Basrah and
few other spots in central areas where poverty is relatively high and
overcrowding are more abundant. For example, farmers who were af-
fected by the dry season, impacting their animals and lands, left the
marshes and the agricultural lands toward the city center [31]. In ad-
dition, if the risk factor is a higher number of incoming IDPs rather than
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outgoing, this may reflect why conflict events were not found to be
significant, with potentially conflict events in neighboring provinces
being a better performing covariate. Although southeastern Iraq has
been comparatively more politically stable after 2003; therefore,
drought-related displacement and agricultural stressors likely pre-
dominate local displacement [10,11].

Despite the model for older adults not performing as well, likely due
to a lower number of cases in that demographic group, the model did
select the presence of a holiday week (namely, Eid al-Fitr and Eid al-
Adha) in the best-fit model, and these predictors were also found to be
relatively important during the elastic net and LASSO preliminary
analysis. The presence of a holiday or religious festival is consistent
with known risk factors for CCHF transmission [11], along with other
infectious diseases, such as Rift Valley fever and Middle-East Re-
spiratory Syndrome (MERS) [32,33]. During religious festivals, there is
often increased animal movement, uncontrolled slaughtering, and an
increase in consumption of animal products which may be infected with
the pathogen. The findings here suggest that in southeastern Iraq in
recent years, the timing of Eid may have led to an increase in CCHF
transmission and an increase in education around this time may help to
reduce its spread.

The study has several limitations, the first being the strength of
scPDSI as a predictor, which is a coarse hydro-climatic index and may
have captured a range of different factors such as moisture, vegetation,
host productivity, and human seasonality, which cannot be untangled.
It should be noted that our results do not mean drought is irrelevant to
CCHF in Iraq (drier conditions has been linked to CCHF in previous
studies [10,25]) but rather that the risk signal in the data set sits on the
“wetter” side of the curve. In addition, the mechanisms identified here
could differ by region and timescale because only a relatively con-
strained data set was used in terms of its spatial scale and granularity
and the temporal length of the data set. Droughts occur over long-time
scales, not weeks, which were used here; therefore, it may be inter-
esting to see whether the relationship with CCHF and wetter-than-
normal conditions hold over months/years, where drier conditions
seeing higher CCHF incidence is perhaps more likely to proliferate. A
greater range of covariates, particularly, density of livestock, access to
health care, and tick presence may yield different results and find dif-
ferent stable predictors; however, in this instance, data sets on these
variables were not available. For example, local knowledge and ex-
perience have found that calves rather than older cattle carry a higher
burden of Hyalomma ticks; therefore, the age structure of the livestock
population could be driver CCHF in the area. Future work should in-
corporate livestock/tick surveillance, health care access, and popula-
tion denominators/exposure within a One Health framework.

Conclusion

In southeastern Iraq (2022-2025), weekly CCHF variation was best
explained by seasonality, spatial heterogeneity, and two key predictors:
wetter-than-normal hydro-climatic conditions (scPDSI) and incoming
IDPs. Extra vigilance is likely needed during both extremes; ensuring
adequate education to reduce the spread and sustainable health care,
which possess the ability to test and reduce onward transmission, is
essential going forward. Strengthening seasonal Risk Communication
and Community Engagement (RCCE), vector/animal movement and
slaughtering oversight, and health system infection prevention and
control, particularly, around festival periods, are essential to mitigate
transmission and future outbreaks. Sustained international and multi-
sector support and coordination is crucial to mitigate the impact of
CCHF and prevent future outbreaks in Iraq and beyond.
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