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Background Rift Valley fever (RVF) is a mosquito-borne zoonotic disease for which predictive modeling is often
hindered by sparse data, particularly the high frequency of zero counts in both human and livestock surveillance
systems. While zero-inflated models are commonly used for sparse data, several temporal count modelling
frameworks exist, including less common self-exciting models that assume an initial case increases the likelihood of

Methods This study compares three zero-inflated Bayesian models: the negative binomial (ZINB) with autoregressive
temporal random effects, the self-exciting negative binomial (SE-NB) and the generalized autoregressive moving
average negative binomial (GARMA-NB). The models were evaluated across simulated datasets with varying levels of

Results We found that zero-inflation substantially improves predictive performance within specific sparsity
thresholds: 29-94.5% (ZINB), 25-93% (SE-NB), and 30-95% (GARMA-NB). Applied to monthly RVF incidence data from
northern Kenya (2018-2024), the ZINB model with a three-month rainfall lag provided the most accurate forecasts.

Conclusion These findings underscore the importance of zero-inflated negative binomial models and climate-based
covariates in enhancing early warning systems for RVF-endemic regions.

Keywords Bayesian inference, Generalized autoregressive moving average (GARMA), Negative binomial, Self-exciting

Introduction

Rift Valley fever virus (RVFV) is a zoonotic RNA virus
from the Phlebovirus genus within the Phenuiviridae
family [1]. It poses a significant threat to public health
and livestock production systems, causing substantial
economic losses due to high mortality in domesticated
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ungulates and trade restrictions. Transmission to ani-
mals (e.g., cattle, sheep, goats, camels, buffaloes) typi-
cally occurs via bites from infected Aedes and Culex
mosquitoes, leading to mortality rates of 5% to 20%
in adult animals and 80% to 100% in newborns [2—4].
Human infection arises from contact with bodily flu-
ids of infected animals or through mosquito bites [5, 6].
Most human cases are mild or asymptomatic resembling
those of influenza or malaria [7], but approximately 10%
can progress to severe symptoms (e.g. hepatitis, retinitis,
encephalitis), and around 1% may develop haemorrhagic
disease [2, 3] with a 50% fatality rate [8].
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First identified in Kenya in the early 20th century, the
virus has predominantly affected the Horn of Africa
(Kenya, Somalia, Tanzania), where outbreaks recur every
4-15 years, but it has also emerged in North Africa, the
Arabian Peninsula, southern Africa, west Africa and
Indian Ocean islands [9]. RVF outbreaks follow seasonal
patterns linked to heavy rainfall, flooding, and El Nifo-
related water surface warming [10, 11]. However, this
pattern has been increasingly challenged by recent stud-
ies reporting focal inter-epizootic transmission, even in
the absence of major climatic anomalies. Localized virus
circulation between large-scale outbreaks has been docu-
mented in regions such as Kenya [12] and South Africa
[13], suggesting that RVFV may persist through cryptic
enzootic cycles involving low-level transmission among
livestock and wildlife reservoirs [14]. These findings
imply that outbreak risk may be influenced not only by
broad climatic triggers such as El Nifno, but also by local-
ized ecological and socio-economic factors, including
livestock movement, vector habitat suitability, and gaps
in surveillance. Recognizing and incorporating these
dynamics is essential for improving the accuracy and rel-
evance of predictive models and early warning systems.

In Kenya, Rift Valley fever (RVF) outbreaks have his-
torically occurred every five to ten years. However,
improvements in surveillance systems have led to more
frequent detection of localized outbreaks in recent years
[15]. A major national outbreak occurred in 2006—-2007,
resulting in approximately 340 confirmed human cases,
90 deaths, and economic losses exceeding US$32 mil-
lion [16—19]. According to the Kenyan Ministry of Health
and Ministry of Agriculture, a ‘national outbreak’ typi-
cally refers to an event affecting multiple counties and
requiring coordinated, cross-sectoral response at the
national level. In contrast, smaller-scale outbreaks con-
fined to specific districts or sub-counties may be man-
aged locally without triggering national alerts. For
example, the 2018 outbreak in Wajir County (northern
Kenya) was geographically limited to a few sub-counties
but was nonetheless declared a national outbreak due to
its severity—marked by mass livestock abortions, high
mortality among young animals, and four human deaths.
This prompted the deployment of a multidisciplinary
response team and the activation of national-level public
health coordination mechanisms [19, 20].

Various models have been developed for the early
detection and forecasting of RVF outbreaks, often in
relation to climate anomalies (e.g., heavy rains and
flooding) that create suitable habitats for vector prolif-
eration. These models typically rely on a combination
of climatological, environmental, and epidemiological
data—such as precipitation, vegetation cover, and mos-
quito population surveillance—to identify periods when
risk is elevated. Approaches have ranged from statistical
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time-series models (e.g.,, ARIMA, Poisson, or negative
binomial regression) and remote-sensing driven early
warning systems to more complex frameworks that inte-
grate mechanistic or agent-based models of vector ecol-
ogy. Most studies, however, concentrate on monitoring
vector dynamics in animals before spillover to humans
[2, 9, 21]. Despite these advancements, challenges persist.
One key issue in modeling zoonotic diseases like RVF is
the high frequency of zero reporting, especially in areas
where no cases are observed over extended periods.
This zero inflation often renders standard time-series or
regression methods less effective, as they assume data
distributions that do not account for the high frequency
of zero cases. One potential approach to addressing the
data sparsity is zero-inflated or zero-modified models
which involve assigning data samples to one of the mix-
ture components, with the random probability of alloca-
tion being inferred. These models are combined with a
Poisson or negative binomial count distribution for the
cases and are fitted using Bayesian hierarchical frame-
works to facilitate computation. Ideally, early detection
and outbreak forecasting should rely on timely livestock
surveillance. However, in many endemic regions, such
data are often unavailable or incomplete due to limited
resources and infrastructure within veterinary systems.
As a result, much of the accessible and systematically
reported data pertain to human cases. Although human
infections occur downstream of transmission in live-
stock, modeling these data still provides value for public
health preparedness, risk communication, and resource
allocation. One of the key challenges in working with
human case data, however, is the high frequency of zero
reports across time and locations, particularly during
inter-epidemic periods or in remote settings.

A promising alternative approach is the use of self-
exciting models (often referred to as Hawkes processes)
in forecasting RVF outbreaks. Self-exciting models are
based on the assumption that the occurrence of an event
(e.g., a reported case) increases the likelihood of subse-
quent events in later time periods [22, 23]. This feedback
mechanism is especially relevant when disease clusters
emerge following an initial case or when environmen-
tal conditions change abruptly (e.g., after flooding). By
incorporating temporal dependencies, self-exciting mod-
els reveal patterns of localized disease amplification and
more precisely model temporal clustering that follows
case emergence [24]. In the context of sparse RVF data,
self-exciting models can be adapted to integrate covari-
ates such as precipitation and vegetation indices, allow-
ing them to flexibly handle variable outbreak dynamics
while still recognizing the increased risk following an
initial case. Their capacity to capture “triggering” events
can be particularly advantageous when outbreaks occur
sporadically, as the model naturally responds to a single
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detected case by increasing the probability of subsequent
cases nearby in time. This makes them a valuable tool for
anticipating rapid escalation in outbreak settings with
high temporal variability.

In this study, we examined various modeling
approaches for forecasting sparse RVF data, focusing on
a self-exciting model, a negative binomial random effects
model, and a generalized autoregressive moving aver-
age (GARMA) model. All three models include crucial
climatic covariates (e.g., precipitation, vegetation) asso-
ciated with RVF transmission and have been adapted
into zero-modified variants to address the high number
of zero observations. We evaluated each model’s perfor-
mance using actual RVF incidence data from Kenya and
simulated datasets encompassing different levels of spar-
sity, enabling a thorough assessment of their predictive
capabilities under diverse outbreak conditions.

Data sources

Rift valley fever incidence data

This study analyzed monthly RVF incidence data from
the arid northern counties of Kenya. Specifically, RVF
cases in humans from Mandera, Wajir, Marsabit, Sam-
buru, Isiolo, and Baringo counties were aggregated [25].
The data were obtained from the Kenya Health Infor-
mation System through the District Health Information
Software 2 (DHIS2) and covered the period from January
2018 to April 2024, disaggregated by county. The dataset
was highly sparse, with 81% of the observations being
zero.

Climatic data

Daytime land surface temperature (LSTD) data were
obtained from the Moderate Resolution Imaging Spec-
troradiometer (MODIS) on board NASA’s Terra and
Aqua satellites with a spatial resolution of 1 km? and a
temporal resolution of 8 days [26]. Rainfall data were
obtained from the Climate Hazards Group Infrared Pre-
cipitation with Station data (CHIRPS) at spatial resolu-
tion of 5.6 x 5.6 km? and a temporal resolution of 5 days
[27]. Normalized Difference Vegetation Index (NDVI)
data, extracted from MODIS satellite images were
obtained at a spatial resolution of 1 km? and a temporal
resolution of 15 days [28]. The monthly averages of tem-
perature and NDVI and the cumullative rainfall were first
calculated.

Population data

Population data by county were extracted from the 2019
Population and Housing Census results [29], and annual
growth rates from the WorldPop database [30] were
applied to obtain population data for subsequent years.
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Model formulation

We assessed the forecasting performance of two types of
models for sparse count data: (i) negative binomial mod-
els with temporal random effects, (ii) self-exciting nega-
tive binomial model and (iii) Generalised autoregesive
moving average model. These models were compared
with their analogues that account for zero-inflation. They
were fitted to RVF human incidence data from Kenya as
well as to simulated data with various degrees of sparsity.
The description of the models is provided below.

This study adopts a Bayesian approach to statisti-
cal inference, which provides a coherent framework for
incorporating prior knowledge and updating beliefs in
light of observed data. Under the Bayesian paradigm,
model parameters are treated as random variables, and
inference is based on their posterior distributions, which
combine prior distributions with the likelihood of the
data. This approach enables a direct probabilistic inter-
pretation of parameter uncertainty and is especially
useful for complex hierarchical models, where classical
methods may fall short.

Negative binomial model (NB)

We considered that the observed RVF cases
Y ={y1,...,yn}, for time t =1,...,n follow a negative
binomial distribution i.e. y; ~ NB(j,r) with probabil-
ity mass function,

ye+r—1 m Yt r "
M, T) =
F o p, ) < Yt > (Mt +7’> e+

where p; is the mean at time ¢ and r the dispersion
parameter of the distribution. We modeled the mean on
the log scale as:

log(ue) = log(Fr) + X¢B + e (1)
where 8 = (B1,..., k)T are the regression coefficients,
X = (X1, Xto2, ..., Xyp) are the k predictors at time ¢.

Here P, denotes the population at time £.

Month-specific random effects, €;, were introduced
on the log scale of the mean and modeled using a first
order autoregressive process: ¢, ~ N(pe;_1,02) with
€1 ~ N(0, %), where 02 and p represent the tempo-
ral variance and autocorrelation parameters, respec-
tively. We assume a uniform prior distribution for
p, p ~ U(—1,1),), a standard non-informative choice that
ensures stationarity of the autoregressive process and
does not favor any particular correlation structure.

The temporal variance is assigned an inverse gamma
prior, o ~ IG(2.01,1.01), with parameters chosen
intuitively to provide a weakly informative prior with
finite mean and variance. Regression coefficients are
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given weakly informative priors, 3; ~ N(0,100), cen-
tered at zero with a large variance, allowing the data to
drive posterior estimates while maintaining stability.
The dispersion parameter r is assigned a Gamma prior,
r ~ Gamma(1,1),), a flexible and commonly used choice
in negative binomial models. This prior ensures posi-
tivity and provides broad support without being overly
restrictive.

Self-exciting negative binomial model (SE-NB)
A self-exciting negative binomial model defines the mean
of the process as:

e = exp (log(Py) + X B8) + nye—1. )

Similar to the random effects negative binomial model
described above, the linear predictor includes climatic
covariates through the term X ;3. The self-exciting com-
ponent is incorporated via the term ny;_1, which allows
the expected number of cases at time t to depend on
the observed case count at the previous time point. This
structure captures temporal dependence not explained
by covariates alone, such as residual local transmission or
behavioral persistence effects.

The parameter 7 represents the self-excitation coeffi-
cient and quantifies the strength of temporal dependence
in the incidence process. A value of 7 > 0 indicates that
higher case counts in the previous time step increase the
expected incidence at time ¢£. When n = 0, the model
simplifies to a standard negative binomial model without
temporal dependence. This parameter is particularly rele-
vant in epidemic settings, where recent case history often
influences current transmission dynamics.

To ensure that 7 is constrained to the interval [0, 1]
and to reflect a non-informative prior belief, we assign
it a Beta(1,1) prior distribution. This choice which is
equivalent to a uniform distribution, allows the model to
flexibly estimate the strength of self-excitation from the
data without biasing the estimate toward either weak or
strong temporal dependence.

Generalized autoregressive moving average negative
binomial model

In the generalized autoregressive moving aver-
age (GARMA) negative binomial model for count
time series [31], the counts y;, at time ¢, condi-
tioned on the information available on responses
up to (t—1) and on the covariates up to time ¢,
H, ={X¢, ..., X1,Yt—1y Y1, fit—1,- - -, 41}, are mod-
eled by a negative binomial distribution with mean:

log(pue) = X8 + Z;.
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The linear predictor depends on the covariates and the
term Z;, which represents the autoregressive and moving
average parts of orders p, g > O:

p q a* o
7= log i)~ XL5] + 30, g (4]
i=1

=1 =

where y; , = max (yt,i, c) for 0 < ¢ < 1. Hence, any
zero count y;_; = 0 is replaced by a small constant c.
The values of ¢; and 6, represent the coefficients of the
autoregressive (AR) and moving average (MA) compo-
nents, respectively. Specifically, the ¢, terms capture the
influence of past values of the latent process (i.e., devia-
tions between observed log-counts and the linear pre-
dictor) at previous time points (¢ — 7). In contrast, the 6,
parameters quantify the impact of past forecast errors,
defined as the deviations between the log of the observed
counts and their corresponding predicted means, at time
(t — j). Together, these components allow the model to
account for both persistent temporal dependencies (via
the AR terms) and short-term shocks or random fluc-
tuations (via the MA terms). This structure enhances
the model’s ability to capture complex temporal dynam-
ics beyond the explanatory power of covariates alone
and contributes to improved forecasting performance by
incorporating memory of recent behavior in the system.

Zero-inflation (ZI)

To address the excess zero counts issue that the models
above are not able to accurately estimate, all models were
extended to zero inflated analogues. In particular, We
assumed that the observations ¥; follows a hierarchical
mixture distribution

\H, ~ 0, with probability m,

Yeltte NB(u¢,r), with probability (1 — ),
where there are two means, the negative binomial mean
defined in (1) and (2), and the 7; is defined as:

logit(m) = log (m) = 4.

1—’/Tt

A normal prior was assigned to 4, such that
0 ~ N(0,100), with mean 0 and large variance chosen
intuitively to reflect a weakly informative belief centered
at zero. This specification allows the data to influence the
estimate while avoiding overly strong prior assumptions.

Software
All models were fitted using Markov chain Monte Carlo
(MCMC) simulation implemented in JAGS, accessed via
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Table 1 Mean absolute error (MAE) and root mean square error
(RMSE) of the negative binomial model with temporal effects
and its zero-modified counterpart, on simulated data with
different sparsity levels
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Table 3 Mean absolute error (MAE) and root mean square
error (RMSE) of the generalized autoregressive moving average
(GARMA(2,2)) model and its zero-modified counterpart, on
simulated data with different sparsity levels

Sparsity level Model MAE RMSE Sparsity level Model MAE RMSE
26.8% NB 3.99 49 27.7% GARMA-NB 6.0 83
ZINB 55 6.14 GARMA-ZINB 9.55 11.75
28.7% NB 4.03 4.68 29.6% GARMA-NB 631 8.68
ZINB 4.29 4.95 GARMA-ZINB 9.2 11.62
29.6% NB 438 523 30.5% GARMA-NB 846 10.17
ZINB 343 4.58 GARMA-ZINB 7.05 9.26
84.2% NB 85 17.7 84.2% GARMA-NB 4.54 6.84
ZINB 3.05 532 GARMA-ZINB 146 4.02
90.7% NB 94 20.1 91.6% GARMA-NB 3.01 5.83
ZINB 1.86 245 GARMA-ZINB 0.725 261
94.4% NB 226 34 94.4% GARMA-NB 2.59 5.66
ZINB 19 3.19 GARMA-ZINB 043 2.07
95.3% NB 2.1 25 95.3% GARMA-NB 1.7 3.65
ZINB 2.21 361 GARMA-ZINB 045 2.31
96.2% NB 2.09 2.57 96.2% GARMA-NB 0.89 1.92
ZINB 2.7 4.38 GARMA-ZINB 1.04 2.95

Table 2 Mean absolute error (MAE) and root mean square error
(RMSE) of the self-exciting negative binomial model and its zero-
modified counterpart, on simulated data with different sparsity
levels

Sparsity level Model MAE RMSE
20.3% SE-NB 20.5 49.7
SE-ZINB 29 54.9
24% SE-NB 19.2 38.6
SE-ZINB 219 419
25% SE-NB 17.1 30.7
SE-ZINB 16.7 30.5
84.2% SE-NB 15 359
SE-ZINB 54 9.7
88.8% SE-NB 16.6 29.7
SE-ZINB 6.6 106
92.5% SE-NB 7.1 1.2
SE-ZINB 54 6.1
93.5% SE-NB 2.1 29
SE-ZINB 2.7 34

the R2jags package in R [32]. We ran three independent
chains, each with 100,000 iterations, discarding the first
10,000 as burn-in.

Results

Simulated data

Monthly count data were simulated for a period of nine
years, as illustrated in supplement information, with the
aim of evaluating the threshold at which the zero-infla-
tion models outperform the simple non-inflated model.
To assess the forecasting ability of each model, they were
fitted on a training set consisting of eight years of data
and evaluated on the ninth year (test data) by comparing

model-based forecasts with the observed data. For the
comparison, we used the mean absolute error (MAE)
and root mean square error (RMSE) measures. Tables
1, 2 and 3 demonstrate that the forecasting performance
of the standard model and of the zero-modified model
shows consistent trends across the same sparsity thresh-
olds, regardless of whether a random effects, self-exciting
model or GARMA model is used.

More specifically, Table 1 shows that the forecast-
ing performance of the zero-inflated negative binomial
model is better than that of the negative binomial model
in sparse data scenarios ranging from 29% to 94.4%. Simi-
larly, Table 2 shows that the zero-inflated self-exciting
model outperforms the non-inflated model at sparsity
levels ranging from 25% to 93%. Finally, Table 3 dem-
onstrates that the zero-inflated GARMA model exhib-
its improved forecasting performance at sparsity levels
ranging from 30% to 96%.

Rift valley fever data
The incidence of RVF was modelled from 2018 to 2023,
and the forecasting ability was tested using data from the
first four months of 2024. Random effects, self-exciting
and GARMA models, each with and without zero-infla-
tion were fitted. We evaluated all possible combinations
of rainfall, LSTD, and NDVI at various time lags for each
model, selecting the combination with the best forecast-
ing performance (based on MAE and RMSE) for presen-
tation in Table 4.

Table 4 shows that the ZINB model with only rainfall
yielded the best forecasting performance.

It successfully forecasts increased RVF incidence
in January (36 cases), followed by a larger increase in
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Table 4 The four best forecasting performances, in terms of
mean absolute error (MAE) and root mean square error (RMSE),
for the zero-inflated negative binomial (ZINB), the GARMA(2,2)
negative binomial, and the zero-inflated self-exciting negative
binomial (SE-ZINB) model using different combinations of
climatic variables

Model Climatic variables MAE RMSE
ZINB Rainfall lag 3 26 46
ZINB Rainfall lag 3, Temperature lag 1 35 53
GARMA-NB Rainfall lag 3, Temperature lag 1 395 67
SE-ZINB Rainfall lag 3 82 106

February (224 cases), associated with high rainfall in
November and December of 2023, and then projects a
significant decrease in March and April (Fig. 1a), aligning
well with the actual reported cases: 26 in January; 132 in
February; 0 in March: and 0 in April. Including tempera-
ture as an additional covariate (Fig. 1b) leads to similar
performance, except for an overestimation in January (77
cases).

The zero-inflated self-exciting model with rainfall as a
covariate also forecasts the initial two-month outbreak
but overestimates cases in March and April (Fig. 1c). The
GARMA(p,q) model with different orders, p € [2,5] and
g € [1,5], always underestimates cases during the whole
forecasting period for every combination of covariates,
predicting always zero cases for the first 4 months of
2024.

Furthermore, Table B2 summarizes the posterior esti-
mates and 95% Bayesian credible intervals for key param-
eters across the four best-performing models. Notably,
rainfall lagged by three weeks emerged as a consistently
significant predictor in all models, while temperature
(lagged by one week) showed weak or uncertain effects.
The self-excitation parameter 77 in the SE-ZINB model
was positive, with a credible interval excluding zero, pro-
viding evidence for temporal clustering in RVF cases.
Dispersion and zero-inflation parameters varied across
models, reflecting differences in how they capture count
variability and excess zeros.

Discussion

Transmission of many infectious diseases is influenced by
climatic conditions. Diseases like Rift Valley Fever, which
spend part of their life cycle in mosquitoes, outside of
humans or other warm-blooded hosts are especially sen-
sitive to climate. In many regions, these diseases manifest
as epidemics, sometimes triggered by sharp variability of
climatic factors that increase transmission rates. While
early detection of epidemics is critical for the timely
implementation of control interventions, reliance on
human case data — as is often the case in resource-lim-
ited settings — presents a major challenge. Human cases
typically represent late-stage indicators of transmission,
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by which point opportunities for preventive measures,
such as livestock vaccination, may have already been
missed, as highlighted in the FAO Action Planning
Guidelines. Nevertheless, forecasting based on human
surveillance data can still offer value in several ways: it
can support anticipation of healthcare needs, inform
public risk communication, and enhance preparedness
planning in the absence of timely livestock or entomolog-
ical surveillance. In endemic regions where RVFV trans-
mission is under-detected and persistent, even delayed
signals from human case data can serve to trigger reac-
tive interventions and guide future investments in more
proactive surveillance systems.

For this reason, this study identifies models that can
successfully forecast sparse data. More specifically, neg-
ative binomial models with temporal random effects
and self-exciting models were assessed for forecast-
ing RVF incidence. The negative binomial distribution
was deemed the most appropriate for modelling RVF
count data, given the observed over-dispersion, where
the conditional variance exceeds the conditional mean.
Self-exciting temporal point process models are used to
predict the rate of events as a function of time and the
previous history of events. Generalized autoregressive
moving average process models, in which the mean of the
conditional exponential family distribution is depended
on the past history of the process, can be applied to any
type of quantitative time series. These models are well-
suited to capturing triggering and clustering behaviour
and have been widely employed in fields where temporal
clustering of events is observed.

The models are zero-modified to facilitate the fitting of
sparse vector-borne disease data, such as RVF incidence
data. A zero-inflated model is appropriate when the
observed zero in the data exceed the probability of zeros
that the data distribution can estimate [33]. However,
there are scenarios in which zero-inflated models may
not offer improved performance over conventional mod-
els, particularly when the excess zeros are not substantial
or when model complexity outweighs the benefits. Our
simulation results across varying levels of sparsity fur-
ther support this observation, showing that zero-inflated
models tend to perform relatively better than standard
count models when excess zeros are moderate, but not
when they are either too few or substantial many.

The analysis of the negative binomial model revealed
that for a dataset exhibiting sparsity between 29% and
94.5%, the zero-modified version demonstrated a supe-
rior forecasting ability. In the case of the self-exciting
model, the zero-modified analogues performed better
when the data sparsity ranged between 25% and 93%, and
for the GARMA model between 30% and roughly 95%.
These broader ranges for the self-exciting and GARMA
models are likely due to the additional parameters,
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(a) Forecasting generated by the zero-
inflated negative binomial (ZINB) model us-

ing only rainfall as a predictor.
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(b) Forecasting generated by the zero-
inflated negative binomial (ZINB) model
using rainfall and daytime land surface tem-
perature as predictors.
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(¢c) Forecasting generated by the zero-
inflated self-exciting model using only rain-
fall as a predictor.

Fig. 1 Monthly RVF cases observed in blue, and the forecasted cases for the first four months of 2024 in red

denoted as 7 and Z; which is specific to the self-excita-
tion part and the autoregressive and moving average
parts of the models, respectively, and allows it to address
the overdispersion of zeros in the data more effectively.
The data for Rift Valley Fever in the arid north counties
of Kenya between 2018 and 2023 was used to fit the mod-
els, and the first four months of 2024 were used to fore-
cast the incidence of the disease in light of future climatic

conditions. Additionally, a variety of combinations of
daytime land surface temperature, rainfall, and vegeta-
tion indices were employed to determine which was the
most effective predictor. The analysis demonstrated that
the zero-inflated negative binomial model with temporal
random effects exhibited the most optimal performance.
Furthermore, the analysis indicated that rainfall occur-
ring three months prior was the most effective predictor
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of RVF cases. In particular, the ZINB model with rainfall
variables demonstrated ability to capture an increase in
cases during the months of January and February, which
was attributed to the exceptional rainfall that occurred
from October to November in the region, resulting in
flooding. The ZINB model, which combined rainfall with
a three-month lag and temperature with a one-month
lag, demonstrated comparable forecasting performance;
however, it exhibited a tendency to overforecast in Janu-
ary. The slight overprediction in the 2024 forecasts may
reflect underreporting of human RVF cases during the
outbreak, which would make the observed incidence
appear lower than the model predictions, event though
the model accurately captures the timing and over-
all magnitude of the outbreak. Both models indicated
a positive correlation between rainfall and RVF inci-
dence. In the second best model, a negative association
was observed between temperature and RVF incidence,
though the results were not statistical important.

This study has few limitations that are offered for con-
sideration. While socio-economic and potential inter-
vention factors were not considered in the analysis, the
model allows for the integration and evaluation of addi-
tional predictors. Notably, this could facilitate a more
comprehensive understanding of RVFV, which in turn
could inform the development of more effective forecast-
ing and early warning systems.

Future work will aim to extend the current tempo-
ral forecasting framework to a spatiotemporal model,
enabling the joint analysis of temporal trends and geo-
graphic variation in RVF incidence. This would support
the identification of high-risk areas across both space and
time. Additionally, incorporating more detailed environ-
mental and land use variables, such as proximity to water
bodies, vegetation type, or livestock density may improve
the ecological realism of the model. Integrating socio-
economic and behavioral factors, including livestock
movement patterns, human mobility, and vector control
practices, could further enhance understanding of local-
ized transmission dynamics.
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