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Simple Summary

This study shows that machine learning can effectively identify reported Rift Valley fever
occurrence from climatic and environmental conditions despite severe class imbalance,
with tree-based ensemble models providing the strongest discrimination and highlighting
rainfall, seasonality, and terrain as important factors, although prospective early-warning
applications will require temporally and geographically independent validation.

Abstract

Rift Valley fever (RVF) is a vector-borne zoonotic disease whose occurrence is strongly
associated with climatic and environmental conditions, making data-driven approaches
potentially valuable for epidemiological surveillance and risk assessment. Using a publicly
available historical dataset comprising 180,288 monthly observations from geographically
defined administrative units across Kenya between 1981 and 2010, this study investigates
machine learning (ML) for the retrospective classification of reported RVF occurrence from
contemporaneous climatic, environmental, topographic, and seasonal predictors under
an extremely imbalanced classification setting. The dataset provides broad geographic
coverage across Kenya over a 30-year historical period; however, because the outcome
reflects reported events in historical surveillance records, it is not assumed to constitute
a formally population-representative national sample or to capture all underlying RVF
transmission. Each observation represents a geographic unit and observation month, and
the response indicates whether an RVF event was reported during that corresponding
period. Therefore, the present analysis should be interpreted as contemporaneous outbreak
classification rather than as a fixed-horizon prospective forecast. Thirteen classifiers repre-
senting distinct learning paradigms were systematically evaluated: Logistic Regression,
Linear Discriminant Analysis, K-Nearest Neighbors, Classification and Regression Tree,
Naive Bayes, Support Vector Machine, Weighted Logistic Regression, XGBoost, LightGBM,
CatBoost, Balanced Random Forest, EasyEnsemble, and RUSBoost. Model performance
was assessed before and after SMOTENC-based rebalancing using overall and class-specific
metrics, including accuracy, precision, sensitivity, specificity, F1-score, ROC–AUC, and
precision–recall-based measures. Under the retrospective stratified hold-out benchmark,
XGBoost, CatBoost, Balanced Random Forest, and LightGBM achieved ROC–AUC values of
0.9176, 0.9175, 0.9114, and 0.9062, respectively. Balanced Random Forest attained the highest
outbreak sensitivity (0.8851), although at the cost of very low precision, illustrating that high
rare-event detection can generate a substantial false-alert burden in surveillance settings.
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SMOTENC produced strongly model-dependent effects: it increased outbreak sensitivity
for XGBoost, LightGBM, CatBoost, KNN, CART, and RUSBoost, but substantially reduced
sensitivity for Balanced Random Forest and EasyEnsemble. SHAP-based interpretability
analysis indicated that month, rainfall, and slope were among the most influential predictors
and further showed that class rebalancing can alter the distribution of feature contributions.
Overall, the findings demonstrate that modeling reported RVF occurrence under severe
class imbalance requires joint evaluation of minority-class detection, false-positive behavior,
discrimination, and model interpretability rather than overall accuracy alone. The present
results establish a retrospective classification benchmark for climate-informed RVF risk
assessment, but they should not be interpreted as an autonomous outbreak-warning system.
Translation into prospective early-warning prediction will require an explicit forecasting
horizon, predictors constructed exclusively from information available before the target
period, temporally and geographically independent validation, and decision thresholds
evaluated against an operationally acceptable false-alert burden.

Keywords: Rift Valley fever; zoonotic disease; machine learning; imbalanced classification;
outbreak prediction; climate variables; environmental factors; epidemiological surveillance

1. Introduction
Rift Valley fever (RVF) is a mosquito-borne zoonotic disease of considerable veterinary,

socioeconomic, and public health importance, particularly in Sub-Saharan Africa and the
Arabian Peninsula. The disease is caused by Rift Valley fever virus (RVFV), a pathogen
that primarily affects domesticated ruminants and can also infect humans [1]. RVFV is
currently classified within the family Phenuiviridae and the order Hareavirales [2]. The virus
was first identified in 1931 following an outbreak among sheep on a farm in Kenya’s Rift
Valley Province [3]. Since then, recurrent outbreaks have demonstrated the capacity of
RVF to simultaneously affect animal production systems, rural livelihoods, food security,
and human health. These consequences are particularly important for pastoral and agro-
pastoral communities, whose economic activities and subsistence are strongly dependent
on livestock [4].

In humans, the incubation period following exposure to RVFV generally ranges
from 2 to 6 days [5]. Although most human infections are self-limiting, severe clinical
manifestations can occur, and fatal outcomes have been reported in approximately 1%
of infected individuals [6]. From the veterinary perspective, the impact of RVF can be
substantially greater. The virus is particularly pathogenic in sheep, followed by goats
and cattle [7]. Outbreaks in susceptible livestock populations are commonly characterized
by fever, weakness, high mortality among young animals, and extensive reproductive
losses. Pregnant animals are particularly vulnerable, with abortion rates approaching 100%
during severe outbreaks [8]. In contrast, adult animals generally exhibit lower mortality
and less severe clinical manifestations [9]. These characteristics make RVF not only an
infectious-disease problem but also an important threat to livestock productivity, animal
trade, household income, and regional food systems. More broadly, the emergence and
re-emergence of zoonotic diseases are influenced by interactions among human activities,
environmental change, agricultural intensification, land-use modification, and increasing
interfaces between humans, domestic animals, wildlife, and disease vectors, reinforcing
the importance of integrated One Health approaches to zoonotic-disease surveillance
and prevention [10].
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A major challenge in RVF surveillance is its close association with climatic and envi-
ronmental conditions. RVF is considered a climate-sensitive zoonosis, and the timing and
spatial distribution of reported outbreaks have been associated with interactions among
rainfall, temperature, humidity, vegetation, hydrological conditions, vector ecology, and
host availability [11]. Anomalous rainfall and elevated humidity may create conditions
favorable to the emergence, survival, and proliferation of mosquito vectors, including
species of the genus Aedes [12,13], whereas lower temperatures can constrain mosquito
activity, development, and reproduction [14]. These relationships are not necessarily in-
stantaneous or linear because environmental conditions may influence vector populations
and transmission processes over different temporal scales.

Periods of excessive rainfall and flooding are especially relevant to RVF epidemiology
because they can generate temporary aquatic habitats favorable to mosquito emergence.
In East Africa, these environmental anomalies have frequently been associated with El
Niño–Southern Oscillation (ENSO) events and have contributed to approaches for antici-
pating RVF activity [15]. Associations have also been reported between RVF occurrence and
humidity, vegetation, land-cover, and soil-related characteristics, supporting the view that
outbreak risk reflects combinations of environmental conditions rather than a single climatic
determinant [3,16]. Importantly, the temporal relationship between environmental expo-
sure and epidemiological outcome determines how such information can be interpreted.
Measurements obtained during the same period as an outbreak support contemporaneous
risk characterization, whereas prospective early-warning prediction requires predictors
constructed exclusively from information available before the target period, such as lagged
climatic variables or preceding-period environmental summaries.

One Health Perspective

RVF provides a clear One Health setting because transmission links environmental
conditions, mosquito vectors, susceptible livestock, and human exposure within the same
epidemiological process. Livestock occupy a particularly important position in this inter-
face: infection affects animal health and production while also creating opportunities for
human exposure through contact with infected animals, biological materials, and envi-
ronments in which competent vectors are active. Environmental conditions influence this
interface by modifying vector habitats and the spatial and seasonal conditions under which
transmission can occur. Thus, RVF surveillance requires information from domains that are
biologically connected but traditionally monitored by different sectors [10].

The present study addresses one specific component of this One Health system: the
environmental and seasonal context associated with reported RVF occurrence. Climatic,
topographic, edaphic, and seasonal predictors can indicate conditions under which reported
events are more likely to occur, but they do not directly measure infection in livestock,
vector abundance, human exposure, or viral circulation. The resulting machine learning
models should therefore be viewed as an environmental risk-assessment layer that may
complement veterinary, entomological, epidemiological, and laboratory surveillance rather
than as a complete representation of RVF transmission. In practical terms, a positive model
output should be interpreted as a risk signal that can prioritize a location or period for
additional investigation, not as independent confirmation of an outbreak. This distinction
defines both the scope of the present analysis and the potential role of its predictions within
an integrated One Health surveillance framework.

The increasing availability of epidemiological, environmental, and climatic data pro-
vides opportunities to complement conventional surveillance with data-driven computa-
tional approaches. Artificial intelligence and machine learning (ML) methods have been
widely applied to classification, prediction, and pattern-recognition problems in domains
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including financial forecasting, fraud detection, medical diagnosis, speech recognition,
and image analysis [17,18]. In infectious-disease epidemiology, ML is particularly attrac-
tive because outbreak occurrence may depend on nonlinear relationships, higher-order
interactions, seasonality, spatial heterogeneity, and combinations of epidemiological and
environmental signals that are difficult to represent with simple parametric assumptions.
At the same time, infectious-disease forecasting is methodologically demanding: the unit
of prediction and forecasting horizon must be defined in advance, predictors must be
restricted to information available before the target event, and evaluation must respect tem-
poral and, when relevant, geographic separation. Otherwise, retrospective discrimination
can be mistaken for prospective forecasting ability.

Recent computational studies of RVF illustrate the broader movement toward machine-
learning-assisted infectious-disease surveillance and forecasting. Mulwa et al. [19] used
XGBoost with climatic information to model RVF outbreak occurrence in Kenya, show-
ing the potential of nonlinear ensemble learning for climate-informed disease prediction.
More recently, Mulwa et al. [20] compared multiple machine learning classifiers on his-
torical Kenyan RVF data and demonstrated that excellent overall accuracy can coexist
with very poor detection of the rare outbreak class. Complementing these ML approaches,
Angelakis et al. [21] modeled sparse monthly RVF incidence in northern Kenya using zero-
inflated Bayesian methods and highlighted the predictive relevance of lagged climatic in-
formation. Taken together, these recent studies show that contemporary infectious-disease
prediction increasingly requires not only flexible algorithms but also explicit attention
to temporal structure, sparse outcomes, predictor timing, and the distinction between
retrospective classification and genuine early-warning forecasting.

The same literature also emphasizes that performance cannot be judged by a single
global metric when the event of interest is rare. In low-prevalence surveillance settings,
high accuracy, specificity, or even strong ROC–AUC can coexist with low positive predictive
value and a large number of false alerts. This has direct operational consequences because
each false-positive prediction may trigger epidemiological review, veterinary field investi-
gation, entomological assessment, laboratory testing, or other resource-intensive activities.
Therefore, an operationally useful infectious-disease model should be evaluated simul-
taneously in terms of discrimination, minority-class sensitivity, precision, false-positive
burden, calibration or threshold behavior, and transportability across time and space. These
requirements are particularly important for RVF because reported outbreaks represent only
a very small fraction of the available historical observations.

Broader disease-prediction research also demonstrates the flexibility of modern en-
semble methods while underscoring the need for domain-specific validation. XGBoost, for
example, has attracted considerable attention because of its ability to model nonlinear rela-
tionships and interactions, incorporate regularization, and operate effectively on structured
datasets containing multiple predictors [22]. Recent applications in health prediction have
reported competitive performance for gradient-boosting methods [23], and comparisons
involving diseases such as diabetes and cardiovascular disorders have reported better
predictive performance for XGBoost than for logistic regression (LR) and random forest
(RF) under the evaluated experimental settings [24]. However, performance observed in
non-infectious disease datasets cannot be directly generalized to RVF because prevalence,
sample size, predictor characteristics, temporal dependence, geographic structure, and the
operational costs of false predictions differ substantially across applications.

Although numerous studies have investigated the economic and epidemiological
consequences of livestock diseases, comparatively fewer investigations have systemat-
ically evaluated how different machine learning paradigms behave when climatic and
environmental predictors are combined with the extreme class imbalance characteristic
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of RVF surveillance data. The unresolved problem is therefore not simply whether an
algorithm can achieve high global predictive performance. A useful framework must
determine whether rare reported events can be detected without creating an impractical
false-positive burden, whether performance persists under more restrictive temporal and
geographic validation, and whether the environmental variables driving model decisions
remain interpretable after imbalance-handling procedures are applied.

Within this context, the present study investigates the retrospective classification of
reported RVF occurrence from contemporaneous climatic, environmental, topographic,
and seasonal information under severe class imbalance. Thirteen classifiers representing
distinct methodological families are systematically evaluated: Logistic Regression (LR),
Linear Discriminant Analysis (LDA), K-Nearest Neighbors (KNN), Classification and
Regression Tree (CART), Naive Bayes (NB), Support Vector Machine (SVM), Weighted
Logistic Regression (WLR), XGBoost, LightGBM, CatBoost, Balanced Random Forest (BRF),
EasyEnsemble, and RUSBoost. Rather than establishing a simple ranking of algorithms, the
analysis examines how different learning strategies balance rare-event detection, specificity,
precision, and false-positive generation.

A central component of the study is the controlled evaluation of SMOTENC across
these model families by comparing classifier behavior before and after rebalancing under
the same experimental framework. Performance is assessed using overall and minority-
class-oriented measures, including sensitivity, specificity, false-negative rate, precision,
F1-score, ROC–AUC, and precision–recall-based metrics. This design makes it possible to
distinguish improvements in global discrimination from improvements in the detection of
the rare RVF class and to identify situations in which increased sensitivity may be obtained
at an operationally unfavorable cost in false-positive alerts.

The study also incorporates SHAP-based interpretability analysis to examine the pre-
dictive contribution of environmental and seasonal variables and whether their attribution
patterns change after class rebalancing. The contribution of the work therefore lies in jointly
evaluating four interdependent aspects of rare-event RVF classification: model discrimina-
tion, minority-class detection under different imbalance-handling strategies, false-positive
burden with implications for surveillance feasibility, and the stability of model interpreta-
tion after resampling. The study does not treat retrospective classification performance as
evidence of a deployable early-warning system; rather, it establishes a benchmark from
which operational thresholds, prospective forecasting horizons, and independent temporal
and geographic validation can be developed. These components provide complementary
evidence for assessing how environment-informed machine learning may be incorporated
responsibly into RVF risk assessment while recognizing the limitations of the available
surveillance outcome.

The remainder of this article is organized as follows. Section 2 presents the related
work, reviewing previous statistical, environmental, and machine learning approaches
for Rift Valley fever modeling and highlighting challenges associated with extreme class
imbalance, rare-event detection, and model interpretability. Section 3 describes the materi-
als and methods, including the study area, dataset and predictor variables, preprocessing,
SMOTENC-based rebalancing, the thirteen classifiers, hyperparameter optimization, valida-
tion strategies, performance metrics, and SHAP-based interpretability analysis. Section 4 re-
ports the experimental results for the original and rebalanced training conditions. Section 5
discusses the findings, including their One Health interpretation, minority-class perfor-
mance, false-positive burden, resampling effects, and temporal scope. Finally, Section 6
summarizes the main conclusions, limitations, and directions for future investigation.
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2. Related Work
Rift Valley fever (RVF) is a climate-sensitive zoonotic disease whose epidemiology

is strongly influenced by environmental, ecological, and seasonal conditions. Climatic
anomalies, particularly those associated with the El Niño–Southern Oscillation (ENSO),
have been repeatedly associated with RVF activity because variations in rainfall, tempera-
ture, humidity, vegetation, and hydrological conditions affect mosquito emergence, vector
abundance, and the environmental suitability for transmission [12,25,26]. Consequently, the
integration of epidemiological observations with climatic and environmental information
has become an important component of RVF risk assessment and predictive modeling.

Early data-driven approaches focused primarily on spatial and environmental char-
acterization of RVF risk. Palaniyandi [27] explored remotely sensed information to
identify environmental conditions associated with vector-breeding habitats. Similarly,
Soti et al. [28] combined very-high-resolution satellite imagery, landscape characteristics,
and beta-binomial regression to identify areas associated with RVFV transmission in Sene-
gal. These studies demonstrated the value of vegetation, temporary water bodies, and
landscape structure for characterizing transmission risk, although their primary objective
was spatial risk mapping rather than comparative outbreak classification.

Environmental determinants have also been investigated through vector-oriented and
One Health approaches. Talla et al. [29] used generalized linear mixed models to examine
climatic and environmental factors associated with hotspots of Aedes vexans and Culex poi-
cilipes in Senegal, showing that temperature, humidity, and spatial characteristics contribute
to variations in mosquito abundance. Bashir and Hassan [30] integrated epidemiological,
environmental, remote-sensing, and geographic information to investigate RVF transmis-
sion in Sudan from a One Health perspective. Although these approaches strengthened
the epidemiological understanding of environmental drivers, they were not designed to
systematically compare machine learning classifiers under severe class imbalance.

More flexible statistical and computational strategies subsequently expanded the mod-
eling of RVF occurrence. Nicholas et al. [31] applied geographically weighted discriminant
analysis to environmental data from South Africa and demonstrated that explicitly account-
ing for spatial heterogeneity improved classification relative to conventional discriminant
analysis. Hardcastle et al. [32] employed boosted regression trees to estimate monthly
environmental suitability for RVF across Africa, Europe, and the Middle East, showing
the capacity of nonlinear tree-based methods to identify complex spatial and seasonal
patterns. These studies provided important evidence for nonlinear environmental mod-
eling, although their objectives were primarily spatial suitability assessment rather than
systematic comparison of rare-event classifiers.

Temporal sparsity represents an additional challenge in RVF modeling. Angelakis et al. [21]
investigated zero-inflated Bayesian models for sparse monthly RVF incidence in northern
Kenya and showed that explicitly accounting for the large number of zero observations
improved predictive modeling. Their analysis also identified the relevance of lagged cli-
matic information, with rainfall at a three-month lag contributing to the best-performing
model. In a different methodological direction, Xue et al. [33] developed a network-based
metapopulation model integrating humans, livestock, mosquito vectors, spatial movement,
and weather-dependent parameters. Together, these studies highlight that RVF dynamics
involve temporal dependence, environmental forcing, and heterogeneous transmission
mechanisms that cannot be fully represented by simple static relationships.

More recently, machine learning has been directly investigated for RVF prediction
in Kenya. Mulwa et al. [19] applied XGBoost to historical RVF observations and climatic
predictors, demonstrating the potential of gradient-boosted trees for identifying nonlinear
relationships associated with outbreak occurrence. This study represented an important
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step toward the use of modern ensemble learning for climate-informed RVF prediction, but
its methodological emphasis was primarily on XGBoost rather than on the comparative
behavior of different learning paradigms and imbalance-handling strategies.

A subsequent study by Mulwa et al. [20], published in Zoonotic Diseases, substantially
broadened this perspective by evaluating multiple classifiers on historical RVF data from
Kenya covering 1981–2010. The study compared Logistic Regression, Linear Discriminant
Analysis, K-Nearest Neighbors, Classification and Regression Tree, Naive Bayes, Support
Vector Machine, Random Forest, and XGBoost and evaluated their performance using
conventional classification measures together with ROC- and precision–recall-based met-
rics. Importantly, the results exposed a central difficulty of this dataset: classifiers could
achieve very high overall accuracy and specificity while exhibiting very low or even zero
sensitivity for RVF outbreaks. This finding established that the major methodological
challenge is not simply obtaining high overall classification performance, but learning
useful decision functions when outbreak observations represent an extremely small fraction
of the available data.

Table 1 summarizes representative computational, statistical, and machine learning
studies on RVF and highlights their main methodological contributions and remaining
limitations. The comparison shows the progression from spatial and environmental risk
characterization toward more flexible nonlinear and machine learning approaches. It
also indicates that, although recent studies have already compared multiple classifiers
for RVF prediction, the combined effects of extreme class imbalance, explicit rebalanc-
ing strategies, minority-class-oriented evaluation, and model interpretability remain
comparatively underexplored.

Accordingly, the current research gap can no longer be characterized simply as a lack of
comparative machine learning studies for RVF. Instead, an important unresolved question
concerns how different learning paradigms behave when extreme outbreak rarity is explic-
itly addressed during model development. Specifically, limited evidence is available on
whether synthetic class rebalancing produces consistent improvements across conventional
classifiers, gradient-boosting methods, cost-sensitive approaches, and ensemble algorithms
that already incorporate mechanisms for handling imbalance. This distinction is important
because an apparent improvement in overall performance may coexist with deterioration
in outbreak sensitivity, precision, or false-positive control.

A second unresolved issue concerns model interpretability under resampling. Previous
studies have investigated environmental associations, correlations, feature relevance, and
predictive performance; however, substantially less attention has been given to whether
modifying the training distribution changes the explanatory structure learned by the
classifier. This is particularly relevant for epidemiological applications, in which climatic
and environmental variables are interpreted not only as predictive inputs but also as
indicators of conditions associated with increased outbreak risk. Consequently, resampling
should be evaluated not only according to its effect on classification metrics but also
according to its effect on model attribution and the stability of predictor importance.

The present study addresses these gaps through a standardized comparison of thirteen
classifiers encompassing linear, probabilistic, instance-based, margin-based, tree-based,
gradient-boosting, cost-sensitive, and imbalance-oriented ensemble approaches. Each classi-
fier is evaluated under the original training distribution and after SMOTENC-based partial
rebalancing, while the independent test distribution remains unchanged. Performance is
examined through overall and class-specific measures, with particular attention to outbreak
sensitivity, false-negative and false-positive behavior, ROC–AUC, and precision–recall-
based performance. In addition, SHAP-based analyses are used to determine whether class
rebalancing modifies the relative contribution of climatic, environmental, and seasonal
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predictors. Therefore, rather than providing another classifier ranking, this study focuses
on the interaction between learning strategy, extreme class imbalance, synthetic rebalancing,
minority-class detection, and model interpretability.

Table 1. Comparison of representative studies on computational, environmental, and machine
learning approaches for Rift Valley fever modeling.

Study Region Method Data/Predictors Main Contribution and Remaining Limitation

[28] Senegal Beta-binomial regression
Vegetation, temporary ponds,
land cover, and high-resolution
satellite imagery

Identified landscape characteristics associated with
RVFV transmission; focused primarily on localized
spatial risk rather than predictive ML comparison.

[29] Senegal Generalized linear
mixed models

Temperature, humidity,
spatial characteristics, and
mosquito abundance

Characterized environmental determinants of
RVF-vector hotspots; modeled vector abundance
rather than outbreak classification.

[31] South
Africa GWDA Temperature, NDVI, elevation,

and environmental variables

Demonstrated the importance of spatial heterogeneity
for classification; restricted to
discriminant-analysis-based modeling.

[30] Sudan GIS and remote sensing
Human and animal cases,
climatic variables, and
environmental information

Integrated epidemiological and environmental
information under a One Health framework; did not
systematically compare ML classifiers or
imbalance strategies.

[32] Multiple
regions Boosted regression trees

RVF occurrence, environmental
variables, vegetation, and
population-related information

Modeled monthly environmental suitability using
nonlinear learning; focused on large-scale suitability
mapping rather than rare-event classifier evaluation.

[33] South
Africa

Network-based
metapopulation model

Humans, livestock, mosquito
vectors, movement, and
weather-dependent parameters

Explicitly represented transmission mechanisms;
dependent on epidemiological assumptions and
parameterization rather than data-driven
classifier comparison.

[21] Kenya Zero-inflated
Bayesian models

Monthly RVF incidence, rainfall,
temperature, and NDVI

Addressed sparse temporal incidence and lagged
climatic effects; focused on temporal count modeling
rather than comparative imbalance-aware classification.

[19] Kenya XGBoost Historical RVF occurrence and
climatic/environmental predictors

Demonstrated the potential of gradient boosting for
RVF prediction; centered primarily on XGBoost rather
than comparison across imbalance-handling strategies.

[20] Kenya Eight ML classifiers
RVF records from 1981–2010
with climatic and
environmental predictors

Compared LR, LDA, KNN, CART, NB, SVM, RF, and
XGBoost and demonstrated the difficulty of detecting
the rare outbreak class; did not provide a systematic
before–after evaluation of synthetic rebalancing across
conventional and imbalance-specific classifiers or
SHAP-based interpretability stability.

Present
study Kenya Thirteen ML classifiers with

imbalance-aware evaluation

Historical RVF occurrence
combined with climatic,
environmental, and
seasonal predictors

Compares conventional, cost-sensitive,
gradient-boosting, and imbalance-oriented
classifiers before and after SMOTENC and evaluates
minority-class performance together with
SHAP-based changes in model interpretability.

3. Materials and Methods
3.1. Study Area

Kenya was selected as the study area because Rift Valley fever (RVF) has histori-
cally represented an important zoonotic and livestock-health concern in the country, with
reported outbreaks exhibiting marked spatial and temporal heterogeneity. The dataset
analyzed in this study covers a 30-year period, from 1981 to 2010, and contains monthly ob-
servations associated with geographically defined administrative units distributed through-
out Kenya.

The analytical structure of the dataset is therefore inherently spatiotemporal: obser-
vations from the same geographic unit may occur repeatedly across different months and
years, while observations from different geographic units may occur during the same time
period. This structure is epidemiologically relevant because RVF occurrence may exhibit
both temporal dependence, resulting from seasonality and persistent climatic conditions,
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and spatial dependence, resulting from shared environmental, hydrological, ecological,
and geographic characteristics among neighboring or repeatedly observed locations.

Figure 1 shows the spatial distribution of reported RVF events across the adminis-
trative units represented in the dataset during the 1981–2010 study period. Considerable
geographic heterogeneity is evident, with reported events concentrated in selected areas
rather than uniformly distributed across the country. This spatially clustered structure
motivated the inclusion of geographically grouped validation in addition to conventional
random partitioning, as described in Section 3.3.

Figure 1. Spatial distribution of reported Rift Valley fever (RVF) events across Kenya from 1981 to
2010. Administrative units are colored according to the number of recorded RVF events, ranging
from no reported events to 30–65 reported events, while dashed green lines indicate provincial
boundaries. The map illustrates the marked spatial heterogeneity of reported RVF occurrence across
the study area.

The presence of repeated observations across administrative units and over multiple
years has direct implications for predictive-model validation. Randomly allocating indi-
vidual observations to training and test sets may place temporally adjacent observations
or repeated measurements from the same geographic unit in both subsets. Consequently,
model performance estimated exclusively from a random partition may characterize in-
terpolation within the historical data distribution more accurately than generalization
to future periods or previously unseen geographic areas. For this reason, the present
study distinguishes retrospective random-split performance from temporal and spatial
generalization performance.

3.2. Dataset Structure, Outcome Definition, and Predictor Selection

The dataset consists of monthly observations recorded for geographically defined ad-
ministrative units in Kenya between 1981 and 2010. Each analytical observation represents
the environmental and climatic conditions associated with a specific geographic unit and
observation month, together with the corresponding RVF reporting status.

The response variable was formulated as a binary outcome indicating whether an
RVF event was recorded for the corresponding geographic unit and observation period.
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Observations coded as 1 represent a reported RVF event, whereas observations coded as 0
represent periods for which no RVF event was recorded in the source dataset. Accordingly,
the negative class is interpreted throughout this study as “no reported outbreak” rather
than as definitive evidence of the biological absence of RVF transmission. This distinction is
particularly important for historical surveillance data because the sensitivity and coverage
of disease-reporting systems may vary across geographic areas and over time.

The candidate environmental predictors describe climatic, topographic, edaphic, and
seasonal conditions potentially associated with RVF occurrence. The final predictive feature
set comprised month, rainfall, elevation, slope, clay, and relative humidity. Month was
treated as a categorical seasonal predictor, whereas rainfall, elevation, slope, clay, and
humidity were handled as continuous variables.

Geographic identifiers and calendar year were retained exclusively as structural
variables for exploratory analysis and validation design and were not used as direct
predictive features in the machine learning models. Specifically, the geographic identifier
was used to construct spatially independent validation partitions, whereas year was used
to establish chronologically ordered temporal partitions. This separation prevents the
models from directly exploiting geographic labels or calendar-year identifiers as surrogate
predictors of the outcome and reduces the potential for information leakage.

The climatic and environmental predictors were selected because RVF transmission is
strongly influenced by conditions affecting mosquito emergence, vector survival, water
accumulation, and the persistence of suitable breeding habitats. Rainfall-related conditions
are particularly relevant because increased precipitation and flooding may create tempo-
rary water bodies suitable for mosquito emergence. Relative humidity can affect mosquito
survival and activity, while elevation and terrain characteristics may influence local hydro-
logical conditions and vector distribution. Soil characteristics, including clay content, may
further modify water retention and the persistence of temporary aquatic habitats.

Table 2 summarizes the variables used in the analytical framework and distinguishes
predictive features from variables retained exclusively for temporal and spatial validation.
To improve reproducibility, the table also reports the available information on variable
definition, measurement scale, temporal structure, and analytical role.

A similar provenance issue was identified for the terrain variable originally labeled
Slope. Its values are tightly concentrated near 90 in the source dataset, including values such
as 89.9, and the available source documentation does not specify its unit or mathematical
derivation. These values were already present in the original dataset and were not produced
by the preprocessing performed in this study. Consequently, the variable was retained
numerically as provided but is conservatively referred to as a slope-derived terrain measure.
No conversion to degrees or percentage slope was performed, and no direct physical
interpretation of its magnitude is assumed.

The final predictive feature matrix therefore comprised month, rainfall, elevation, slope,
clay, and humidity. Geographic identifiers and calendar year were retained only to define
spatially and temporally independent validation partitions and were not supplied to the
classifiers as predictors. The binary RVF outcome was likewise excluded from all predictor-
based exploratory analyses.

For exploratory assessment of linear dependence among continuous predictors, Pear-
son’s correlation coefficient was calculated. Values range from −1 to +1, with values close
to zero indicating weak linear association and values approaching either extreme indi-
cating stronger negative or positive relationships [34]. Only variables with a meaningful
continuous scale were included in this analysis. Geographic identifiers, calendar year, and
the binary RVF outcome were excluded from the predictor correlation matrix to avoid
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interpreting arbitrary identifier codes or the target variable as continuous environmen-
tal measurements.

Table 2. Definition and analytical role of the variables used in the RVF machine learning framework.

Variable Data Type Unit/Encoding Temporal/Spatial Role Analytical Role Definition and Processing

Month Categorical Jan.–Dec. Monthly Predictor Calendar month representing seasonal variation
associated with RVF occurrence.

Rainfall-derived
measure (source
label: Rainfall)

Continuous

Source-defined
scale; not
interpreted as
raw mm

Monthly environmental
variable Predictor

Source-provided rainfall-related measure containing
positive and negative values. Its original transformation
is undocumented; values were retained without
back-transformation.

Elevation Continuous m a.s.l. Static geographic attribute Predictor Elevation of the corresponding geographic unit.

Slope-derived
terrain measure
(source label: Slope)

Continuous Source-
defined scale Static geographic attribute Predictor

Source-provided terrain measure with values
concentrated near 90. Its original unit and transformation
are undocumented; no direct interpretation as slope
degrees was made.

Clay Continuous Source-defined
soil measure Static geographic attribute Predictor Soil-related characteristic of the corresponding

geographic unit.

Humidity Continuous % Monthly environmental
variable Predictor Relative humidity associated with the geographic unit

and observation period.

Geographic ID Categorical
identifier

Administrative-
unit identifier Spatial grouping variable Validation only Administrative-unit identifier used only for

geographically grouped validation.

Year Integer 1981–2010 Temporal identifier Validation only Calendar year used only for chronologically
ordered validation.

RVF status Binary 0/1 Geographic unit × month Target Binary outcome: 1 = reported RVF event and
0 = no reported RVF event.

Note: The variable labeled Rainfall in the source dataset contains negative values and is therefore not
interpreted in this study as raw precipitation measured in millimeters. Because the available source
documentation does not specify its original transformation, the variable is reported conservatively
as a rainfall-derived measure on a source-defined scale. The numerical values were retained exactly
as provided in the source dataset, and no undocumented conversion or back-transformation was
performed. Geographic ID and Year were used only for validation and were not supplied to the
classifiers as predictors.

The final predictor matrix used for model development was explicitly defined as

X = {month, rainfall-derived measure, elevation, slope-derived terrain measure, clay, humidity}. (1)

The binary RVF status was used exclusively as the response variable y. Geographic
ID and calendar year were not included in X. Instead, Geographic ID was retained only
for spatially grouped validation, whereas Year was retained only for temporally ordered
validation. Therefore, neither administrative identifiers nor calendar year contributed
directly to model fitting or prediction.

Table 3 provides the descriptive and univariate characterization of the continuous
environmental variables according to reported RVF status. Because several predictor
distributions were non-Gaussian and the two outcome groups were strongly unequal in size,
between-group differences were evaluated using the Mann–Whitney U test, while Cliff’s δ

was used as a non-parametric measure of effect size. Statistical significance was interpreted
jointly with effect-size magnitude rather than in isolation. Complementarily, Figure 2
presents the Pearson correlation matrix among the continuous predictors, providing an
overview of their pairwise linear relationships and allowing the identification of potentially
redundant or strongly correlated environmental variables.

The resulting dataset is characterized by extreme class imbalance. Of the 180,288 ob-
servations included in the analytical dataset, 433 correspond to reported RVF events and
179,855 correspond to observations with no reported RVF event. Thus, the positive class
represents only approximately 0.24% of the available observations.

This extreme prevalence imbalance motivated the use of minority-class-oriented per-
formance measures and imbalance-aware learning strategies described in the subsequent
sections. It also motivated careful validation procedures because apparently high overall
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accuracy can be obtained even when a classifier has limited ability to identify the rare
outbreak class.

Figure 2. Pearson correlation matrix for the continuous climatic, environmental, and topographic
predictors considered in the RVF classification framework. Geographic identifiers, calendar year, and
the binary RVF outcome were excluded from this predictor-correlation analysis.

Table 3. Descriptive and univariate statistical analysis of environmental variables according to
reported RVF occurrence in Kenya.

Variable Overall (n = 180,288)
No Reported

Outbreak
(n = 179,855)

Reported Outbreak
(n = 433) p-Value Cliff’s δ Effect

Rainfall-derived
measure †

−3.53 ± 43.79;
−1.58 [−23.14, 6.35]

−3.59 ± 43.74;
−1.59 [−23.18, 6.28]

22.38 ± 55.61;
2.16 [−5.27, 41.65] <0.001 0.285 Small

Elevation 1313.69 ± 682.12;
1357.38 [803.75, 1806.92]

1314.04 ± 682.05;
1357.38 [803.75, 1806.92]

1165.91 ± 693.11;
1315.77 [514.98, 1823.39] 0.0013 −0.089 Negligible

Slope-derived
terrain measure

89.89 ± 0.27;
89.97 [89.94, 89.98]

89.89 ± 0.27;
89.97 [89.94, 89.98]

89.81 ± 0.30;
89.95 [89.80, 89.97] <0.001 −0.294 Small

Clay 34.37 ± 7.26;
35.01 [28.46, 38.61]

34.36 ± 7.26;
35.01 [28.46, 38.61]

34.81 ± 8.68;
34.48 [26.79, 40.35] 0.913 −0.003 Negligible

Humidity 63.79 ± 5.18;
63.24 [60.59, 67.27]

63.79 ± 5.19;
63.24 [60.59, 67.27]

65.28 ± 4.08;
64.86 [62.16, 67.88] <0.001 0.177 Small

Note: Values are presented as mean ± standard deviation and median [interquartile range]. Dif-
ferences between observations with and without reported RVF events were evaluated using the
Mann–Whitney U test. Cliff’s δ was used as a non-parametric measure of effect size. Positive δ
values indicate relatively higher values among reported-outbreak observations, whereas negative
values indicate relatively higher values among observations with no reported outbreak. Given the
large sample size, statistical significance should be interpreted jointly with effect-size magnitude.
† The variable originally labeled Rainfall contains both positive and negative values in the source
dataset. These negative values were present before the preprocessing performed in this study and
therefore do not represent negative physical rainfall generated by the analytical pipeline. Because raw
precipitation measured in millimeters cannot assume negative values, the variable is not reported as
rainfall in mm. The available source documentation does not establish whether the values correspond
to rainfall anomalies, standardized precipitation, or another transformed rainfall measure. Accord-
ingly, the original numerical values were retained without back-transformation and are reported as a
source-defined rainfall-derived measure.
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Table 4 summarizes the distribution of the reported RVF outcome classes in the
analytical dataset. The data reveal a pronounced class imbalance, with reported RVF
outbreaks accounting for only 0.24.

Table 4. Distribution of reported RVF outcome classes in the analytical dataset.

Class Observations Percentage (%)

No reported outbreak (0) 179,855 99.760
Reported RVF outbreak (1) 433 0.240

Total 180,288 100.000

3.3. Data Pre-Processing and Validation Design

The initial dataset comprised 181,801 observations. Before model development, the
data were examined for completeness, consistency, duplicate records, invalid categorical
values, and potentially anomalous continuous measurements. This data-quality assessment
was conducted independently of model performance and before the construction of the
validation experiments.

In the original analytical workflow, potentially extreme observations in continuous
variables were identified using the interquartile-range (IQR) criterion. For each continuous
variable, the first (Q1) and third (Q3) quartiles were calculated and the interquartile range
was defined as

IQR = Q3 − Q1. (2)

Observations containing values below

Q1 − 1.5 × IQR (3)

or above
Q3 + 1.5 × IQR (4)

were flagged as potentially extreme observations. Binary and categorical variables were not
subjected to this criterion and were instead evaluated according to their predefined domains.

Because extreme climatic conditions may be epidemiologically meaningful for RVF
rather than representing measurement errors, the IQR criterion was not interpreted as
evidence that an observation was biologically implausible. Accordingly, the effect of this
preprocessing decision was evaluated separately through a sensitivity analysis comparing
model performance with and without IQR-based exclusion. This procedure allows the
robustness of the conclusions to be assessed without assuming that statistically extreme
environmental conditions are necessarily erroneous.

The final analytical dataset used for the principal comparisons contained 180,288 ob-
servations, including 179,855 observations with no reported outbreak and 433 reported
RVF-outbreak observations. A complete accounting of records excluded during data-quality
processing, including the number of positive and negative observations affected by each
exclusion criterion, is reported separately in the revised Section 4.

3.3.1. Validation Strategy

The spatiotemporal structure of the RVF dataset required particular attention during
model validation. Because observations were repeatedly collected across geographic
units over a 30-year period, a conventional random train–test split alone could allocate
observations from the same geographic unit or closely related time periods to both training
and test sets. Such a design is useful for estimating retrospective discrimination within the
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observed historical distribution but may provide optimistic estimates of generalization to
future periods or geographically unseen areas.

To explicitly distinguish these forms of generalization, three complementary validation
scenarios were considered: (i) a stratified random hold-out benchmark, (ii) temporally
separated validation, and (iii) spatially grouped validation.

Retrospective Random Hold-Out Benchmark

For comparability with the original experimental design and with previously reported
analyses of this dataset, a stratified random 80:20 train–test partition was retained as a
retrospective benchmark. Eighty percent of the observations were allocated to model
development and hyperparameter optimization, while the remaining 20% constituted an
untouched test set. Stratification was performed according to the binary RVF outcome
to preserve, as closely as possible, the extremely low prevalence of reported outbreaks in
both subsets.

The pseudo-random seed was fixed at random_state = 42 to ensure reproducibility
of the partition. This random-split experiment is explicitly interpreted as an estimate of
within-distribution retrospective performance; it is not considered a prospective forecasting
experiment because observations from different years and repeated geographic units may
occur in both subsets.

Temporal Validation

To assess generalization across time, an additional temporally separated validation
experiment was performed. Observations were ordered according to calendar year and
complete temporal units were assigned to either model development or evaluation, such
that observations from the evaluation period always occurred chronologically after obser-
vations used for model training.

The temporal validation procedure did not randomly mix observations across years.
Calendar year was used exclusively to define temporal partitions and was not supplied to
the classifiers as a predictive feature. Consequently, models evaluated under this design
were required to transfer relationships learned from earlier historical periods to observa-
tions occurring in later periods.

Hyperparameter optimization for the temporally evaluated models was restricted to
observations belonging to the training period. Temporal folds used during model selection
preserved chronological ordering, so that validation observations always occurred after
the observations used to fit the corresponding candidate model. After hyperparameter
selection, the final model was refitted using all observations available in the temporal
training period and evaluated on the chronologically subsequent hold-out period.

This design provides a more stringent estimate of temporal transportability than
the random hold-out benchmark because future observations cannot contribute to model
fitting, preprocessing, resampling, or hyperparameter selection.

Spatially Grouped Validation

A complementary spatial-validation experiment was conducted to evaluate model
generalization to geographically unseen administrative units. All observations belonging
to the same geographic unit were assigned to the same validation group. Thus, a geo-
graphic unit included in an evaluation fold was completely absent from the corresponding
training fold.

The geographic identifier was used only as a grouping variable and was not included
among the model predictors. Spatial partitions were constructed using group-aware
stratified cross-validation whenever feasible, thereby seeking to preserve the rare-event
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class distribution while maintaining strict geographic separation between training and
validation observations.

For a spatial fold k, if Gtest
k denotes the set of geographic units assigned to the evalua-

tion partition and Gtrain
k denotes the set assigned to model development, the partitioning

procedure enforced
Gtrain

k ∩ Gtest
k = ∅. (5)

This constraint prevents observations from the same administrative unit from appear-
ing simultaneously in the training and evaluation subsets and therefore provides a more
rigorous assessment of geographic transportability.

Interpretation of Validation Scenarios

The three validation strategies answer different predictive questions. The random
hold-out benchmark measures discrimination among observations drawn from the same
historical data distribution. Temporal validation evaluates whether relationships learned
from earlier periods remain informative for later observations. Spatially grouped valida-
tion evaluates whether learned relationships transfer to geographic units that were not
represented during model fitting.

Accordingly, performance obtained under the random split was not used alone to claim
prospective or geographically transferable prediction. Instead, model performance was
interpreted jointly across the random, temporal, and spatial validation settings. Particular
emphasis was placed on changes in ROC–AUC, precision–recall performance, outbreak
sensitivity, specificity, and false-positive behavior when moving from the retrospective
random benchmark to the more restrictive temporal and spatial validation scenarios.

3.3.2. Leakage Prevention

All preprocessing operations whose parameters depend on the observed data were
performed exclusively using the training portion associated with each validation scenario.
Parameters estimated from continuous variables, class weights, synthetic resampling
procedures, and hyperparameter optimization were therefore fitted without access to the
corresponding validation or test observations.

The general experimental structure was

Partition data → fit preprocessing on training data → fit/resample training data → train model → evaluate on untouched data. (6)

For cross-validation-based model selection, this principle was applied independently
within each training fold. Thus, transformations and any imbalance-handling procedure
were fitted using the fold-specific training observations and subsequently applied to the
corresponding untouched validation observations. No synthetic observation generated
from the minority class was allowed to contribute to the construction of a validation or
test set.

This design ensures that the random, temporal, and spatial experiments differ only in
the way observations are partitioned and not in the fundamental principle that all model-
development procedures remain isolated from the data used for performance estimation.

3.4. Handling Class Imbalance with SMOTENC

The dataset used in this study exhibits an extreme imbalance between the classes of
interest. Among the 180,288 observations included in the analysis, 179,855 correspond to
the absence of a Rift Valley fever outbreak (No outbreak, class 0), whereas only 433 records
correspond to RVF outbreak occurrence (RVF outbreak, class 1). Therefore, the positive class
represents approximately 0.24% of the entire dataset, resulting in an imbalance ratio of
approximately 415:1. In problems characterized by such a marked imbalance, classification
algorithms may become strongly biased toward the majority class, yielding high overall
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accuracy even when their ability to identify the epidemiologically relevant minority class
is limited.

As a complementary strategy for investigating the effect of synthetically increasing
the representation of the minority class, the Synthetic Minority Over-sampling Technique for
Nominal and Continuous features (SMOTENC) was employed. SMOTENC is an extension of
the original SMOTE method proposed by Chawla et al., specifically designed for datasets
containing both continuous and categorical attributes. Unlike conventional SMOTE, which
primarily operates through interpolation in a continuous feature space, SMOTENC ex-
plicitly accounts for the nominal nature of categorical variables during the generation of
synthetic observations [35].

In the present study, the variables rainfall, elevation, slope, clay, and humidity were
treated as continuous attributes, whereas month was explicitly treated as a categorical
variable. This distinction is particularly important because the direct application of conven-
tional SMOTE to numerically encoded categorical variables could generate intermediate
values with no meaningful interpretation. For example, purely numerical interpolation
between different months could result in artificial intermediate values that do not corre-
spond to valid temporal categories. SMOTENC avoids this issue by applying different
procedures to continuous and categorical dimensions. The implementation used in this
study was based on the SMOTENC class provided by the imbalanced-learn library, which is
specifically designed for datasets containing both numerical and categorical attributes [36].

For continuous attributes, the generation of a new synthetic observation can be repre-
sented in simplified form as

xnew = xi + λ(xnn − xi), λ ∈ [0, 1], (7)

where xi denotes an observation belonging to the minority class, xnn represents a neighbor-
ing minority-class observation, and λ is a pseudo-random coefficient used to position the
newly generated observation between the two minority examples in the feature space. This
mechanism increases the representation of the minority class without merely duplicating
existing observations, which is the fundamental principle underlying SMOTE [35].

Categorical attributes are handled differently. During the construction of synthetic
observations, SMOTENC accounts for the categorical information within the neighborhood
of the selected minority observation and assigns a valid category to the newly generated
sample rather than performing arithmetic interpolation between categorical values. In the
imbalanced-learn implementation, categorical features are explicitly identified and han-
dled separately from continuous features during the generation of synthetic samples [36].
Consequently, the month variable remains within its original categorical domain rather than
being converted into an artificial intermediate value.

Before applying SMOTENC, the continuous attributes were standardized according to

zj =
xj − µj

σj
, (8)

where µj and σj denote, respectively, the mean and standard deviation estimated for
attribute j from the training data. This standardization step prevents variables with larger
numerical scales from having a disproportionate influence on the distance calculations
used to identify neighboring observations. The month variable, in contrast, was encoded
separately and explicitly specified as categorical within the SMOTENC procedure.

Given the severity of the observed class imbalance, complete class balancing was
deliberately avoided. A full 1:1 oversampling strategy would require the approximately
346 positive observations available in the training subset to serve as the basis for generating
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more than 143,000 synthetic minority observations. Although computationally feasible,
such an aggressive oversampling procedure would produce a training distribution that
differs substantially from the epidemiological prevalence observed in the original data.

For this reason, a partial oversampling strategy was adopted and defined as

αos =
N res

1
N0

, (9)

where N res
1 denotes the number of RVF outbreak observations after resampling and

N0 represents the number of No outbreak observations. In this study, αos = 0.10 was
adopted, corresponding to an approximate final ratio of 1:10 between the positive and
negative classes in the training set. In the implementation used, this setting corresponds
to sampling_strategy = 0.10. For binary classification, a numerical value assigned to
sampling_strategy specifies the desired ratio between the number of minority-class ob-
servations after resampling and the number of majority-class observations [36].

Following the stratified 80%/20% training–test split, the training subset contained ap-
proximately 143,884 negative observations and 346 positive observations. With αos = 0.10,
the number of positive training observations increased to approximately 14,388, correspond-
ing to the generation of approximately 14,042 synthetic minority examples. Therefore, the
original imbalance ratio of approximately 416:1 within the training set was reduced to
approximately 10:1 without imposing a fully balanced and artificial 1:1 class distribution.

The number of neighbors used for generating synthetic observations was set to k = 5
through the parameter k_neighbors = 5. For each selected minority-class observation, this
parameter controls the neighborhood used by the algorithm to identify other minority ex-
amples from which synthetic samples may be generated. In addition, random_state = 42
was used to ensure computational reproducibility of the resampling procedure.

A fundamental aspect of the experimental design was the prevention of data leakage.
SMOTENC was applied exclusively to the training subset after the separation between
training and test data. Consequently, no observation belonging to the independent test set
contributed either to the identification of minority-class neighborhoods or to the generation
of synthetic observations. The test set retained its original class distribution throughout
all experiments. This procedure is essential because performing oversampling before
the training–test split may introduce information shared between the two subsets and
consequently produce overly optimistic estimates of predictive performance.

The experimental workflow can therefore be summarized as

Data → Train/Test Split →

 Original training data
or

Training data + SMOTENC

→ Classifier → Original test set. (10)

Accordingly, two experimental conditions were evaluated for each classification al-
gorithm: (i) training using the original class distribution and (ii) training after applying
SMOTENC. In both conditions, the resulting models were evaluated on exactly the same in-
dependent test set, thereby allowing the direct quantification of the effect of minority-class
synthetic generation on predictive performance.

For models incorporating explicit class weighting, the positive-class weight was recal-
culated after SMOTENC was applied. This procedure prevents a class weight derived from
the original imbalance ratio of approximately 415:1 from being retained when the classifier
is subsequently trained on a dataset with an imbalance ratio close to 10:1. In this way, ex-
cessive compensation for the minority class caused by simultaneously combining synthetic
oversampling with a class weight derived from the original distribution was avoided.
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The effectiveness of SMOTENC was not assessed solely on the basis of accuracy.
Given the extreme class imbalance, the evaluation considered Accuracy, Sensitivity/Recall,
Precision, Specificity, F1-score, FPR, FNR, NPV, ROC–AUC, and metrics derived from the
Precision–Recall curve. Particular emphasis was placed on the Recall of the RVF outbreak
class, the F1-score, and Average Precision, as these metrics provide a more informative
assessment of the ability to identify a rare positive class. Therefore, the comparison between
experiments with and without SMOTENC enabled an assessment of whether increasing the
representation of the minority class through synthetic observations effectively improved
outbreak detection or whether potential gains in sensitivity were achieved at the expense
of an excessive increase in false-positive predictions.

3.5. Machine Learning Models

A comprehensive set of thirteen machine learning classifiers was evaluated in this
study to investigate different modeling assumptions, decision mechanisms, and learning
strategies for Rift Valley fever (RVF) outbreak prediction. The selected algorithms encom-
pass linear probabilistic models, discriminant methods, instance-based learning, decision
trees, probabilistic generative models, margin-based classifiers, gradient-boosting algo-
rithms, bagging ensembles, and boosting-based approaches. This diversity was intended to
provide a broad comparison between models with substantially different inductive biases
and capacities for representing nonlinear relationships, feature interactions, and complex
decision boundaries.

The evaluated classifiers were Logistic Regression (LR), Linear Discriminant Analysis
(LDA), K-Nearest Neighbors (KNN), Classification and Regression Tree (CART), Naive
Bayes (NB), Support Vector Machine (SVM), Weighted Logistic Regression (WLR), Extreme
Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), CatBoost,
Balanced Random Forest (BRF), EasyEnsemble, and Random Under-Sampling Boosting
(RUSBoost). Table 5 summarizes the main characteristics of these algorithms.

Table 5. Summary and main characteristics of the machine learning models evaluated in this study.

Model Model Family Core Principle Main Characteristics

Logistic Regression (LR) Linear probabilistic model
Estimates class probabilities through
a logistic transformation of a linear
combination of input variables

Provides a computationally efficient and
interpretable classification approach in
which model coefficients quantify the
direction and magnitude of associations
between predictors and the response.

Linear Discriminant
Analysis (LDA) Linear discriminant model

Constructs linear combinations of
predictors that maximize separation
between classes

Models class-specific distributions under
Gaussian assumptions and a common
covariance structure, resulting in linear
decision boundaries with relatively low
computational complexity.

K-Nearest Neighbors (KNN) Instance-based learning
Assigns a class according to the labels
of the nearest observations in the
feature space

A non-parametric and locally adaptive
classifier whose predictions depend
directly on the distance metric,
neighborhood size, and local
distribution of observations.

CART Decision tree
Recursively partitions the feature
space using decision rules that
maximize class separation

Produces hierarchical and interpretable
decision structures capable of modeling
nonlinear relationships and interactions
among predictors without requiring
strong distributional assumptions.

Naive Bayes (NB) Probabilistic generative model

Uses Bayes’ theorem under the
assumption of conditional
independence among predictors
given the class

Provides a computationally efficient
probabilistic classifier that estimates
posterior class probabilities from
feature-specific likelihoods and
prior probabilities.
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Table 5. Cont.

Model Model Family Core Principle Main Characteristics

Support Vector
Machine (SVM) Margin-based classifier Determines a decision boundary that

maximizes the margin between classes

Provides strong generalization by
focusing on support vectors located near
the decision boundary and can represent
nonlinear decision surfaces through
kernel transformations.

Weighted Logistic Regression Cost-sensitive linear
probabilistic model

Extends logistic regression by assigning
different contributions to observations
or classes during optimization

Retains the interpretability and
probabilistic formulation of logistic
regression while modifying the
optimization criterion to emphasize
observations according to
predefined weights.

XGBoost Gradient boosting ensemble
Sequentially constructs decision trees
to minimize a regularized objective
function based on prediction errors

Combines gradient-based optimization,
shrinkage, feature subsampling, tree
regularization, and second-order
information to provide flexible and
computationally efficient
nonlinear modeling.

LightGBM Gradient boosting ensemble
Builds decision trees using
gradient-based boosting and
leaf-wise tree growth

Employs histogram-based feature
discretization and leaf-wise expansion to
achieve computational efficiency while
capturing complex nonlinear
relationships and high-order interactions.

CatBoost Gradient boosting ensemble

Constructs boosted decision trees
using ordered boosting and
specialized procedures for
categorical variables

Reduces prediction bias associated with
conventional gradient boosting and
provides robust nonlinear modeling
with regularization mechanisms
integrated into the learning procedure.

Balanced Random Forest Bagging ensemble

Constructs multiple randomized
decision trees using balanced
bootstrap samples and aggregates
their predictions

Combines random feature selection,
bootstrap-based tree construction, and
ensemble aggregation to obtain nonlinear
decision boundaries while reducing
correlation among individual trees.

EasyEnsemble Ensemble learning
Trains multiple classifiers on different
subsets of the training observations
and combines their predictions

Uses diversity among independently
constructed base learners to obtain a
more robust final prediction while
preserving information across multiple
training subsets.

RUSBoost Boosting ensemble
Combines iterative sample selection
with adaptive boosting of
weak classifiers

Sequentially emphasizes
difficult-to-classify observations while
constructing an ensemble of weak
learners whose weighted predictions are
combined into the final classifier.

3.5.1. Logistic Regression

Logistic Regression (LR) [37] is a probabilistic linear classification model that estimates
the probability of a binary outcome through the logistic transformation of a linear combina-
tion of the predictor variables. For an observation described by the predictor vector x, the
probability of belonging to the positive class can be expressed as

P(y = 1 | x) =
1

1 + exp
[
−
(

β0 + ∑
p
j=1 β jxj

)] , (11)

where β0 is the intercept and β j represents the coefficient associated with predictor xj.
The coefficients are estimated by maximizing the likelihood of the observed class

labels, or equivalently by minimizing the binary cross-entropy loss. Because the resulting
decision function is linear in the predictor space, LR provides a relatively low-complexity
and highly interpretable baseline. The sign and magnitude of the estimated coefficients
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indicate the direction and relative strength of the association between individual predictors
and the probability of the positive class.

In the RVF prediction problem, LR provides an important reference against which
more complex nonlinear methods can be compared. Its inclusion allows the assessment of
whether climatic, environmental, and seasonal predictors can be adequately represented by
an approximately linear decision structure or whether more flexible modeling approaches
are required.

3.5.2. Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) [38] is a probabilistic classification method that
seeks linear combinations of predictor variables capable of separating the classes while
simultaneously modeling their underlying statistical distributions. LDA assumes that
observations from each class follow a multivariate Gaussian distribution with class-specific
mean vectors but a shared covariance matrix.

For class k, the discriminant function can be written as

δk(x) = xTΣ−1µk −
1
2

µT
k Σ−1µk + log πk, (12)

where µk denotes the mean vector of class k, Σ is the common covariance matrix, and
πk represents the prior probability of the class. An observation is assigned to the class
associated with the largest discriminant score.

Unlike LR, which directly models the posterior probability of the response, LDA
models the class-conditional distributions and derives the corresponding decision rule.
Because of the shared covariance assumption, the resulting decision boundary is linear.
LDA was included as an alternative linear classifier to determine whether distribution-
based class separation provides advantages over direct probabilistic regression for RVF
outbreak prediction.

3.5.3. K-Nearest Neighbors

K-Nearest Neighbors (KNN) [39] is a non-parametric, instance-based learning method
in which predictions are obtained according to the classes of observations located closest to
a query instance in the predictor space. Unlike parametric models, KNN does not explicitly
estimate a global functional relationship between the predictors and the response. Instead,
the training observations themselves define the local decision structure.

Given a query observation x, the algorithm identifies the K training observations with
the smallest distances to x. The predicted class is generally determined by majority voting
among these neighbors,

ŷ = arg max
c ∑

i∈NK(x)
I(yi = c), (13)

where NK(x) denotes the set of the K nearest neighbors and I(·) is the indicator function.
The performance of KNN is strongly influenced by the number of neighbors, the

distance metric, the scaling of the predictor variables, and the local density of observa-
tions. Its inclusion provides a fundamentally different modeling perspective from global
parametric and tree-based approaches, allowing the evaluation of whether RVF outbreak
patterns can be effectively identified through local similarity among environmental and
climatic conditions.

3.5.4. Classification and Regression Tree

Classification and Regression Tree (CART) [40] is a recursive partitioning algorithm
that constructs a hierarchical decision structure by repeatedly dividing the predictor space

https://doi.org/10.3390/zoonoticdis6030039

https://doi.org/10.3390/zoonoticdis6030039


Zoonotic Dis. 2026, 6, 39 21 of 46

into increasingly homogeneous regions. At each internal node, the algorithm selects a
predictor and a corresponding split threshold that maximizes the separation between
the classes.

For classification, split quality is commonly evaluated using impurity measures such
as the Gini index,

G(t) = 1 −
K

∑
k=1

p2
k,t, (14)

where pk,t represents the proportion of observations belonging to class k at node t. Candi-
date partitions are selected according to the reduction in impurity produced by the split.

CART is capable of representing nonlinear relationships and high-order interactions
without requiring explicit specification of their mathematical form. Moreover, the hier-
archical nature of the resulting tree provides an interpretable sequence of decision rules.
However, individual decision trees may exhibit high variance and sensitivity to relatively
small changes in the training sample. CART was therefore included both as an interpretable
nonlinear classifier and as a reference for comparison with more sophisticated tree-based
ensemble models.

3.5.5. Naive Bayes

Naive Bayes (NB) [41] is a probabilistic generative classifier based on Bayes’ theorem
and the assumption that predictor variables are conditionally independent given the class
label. For a predictor vector x = (x1, . . . , xp), the posterior probability of class y = c can be
expressed as

P(y = c | x) ∝ P(y = c)
p

∏
j=1

P(xj | y = c). (15)

In the Gaussian Naive Bayes formulation adopted for continuous predictors, the
conditional distribution of each variable is modeled using a Gaussian density characterized
by a class-specific mean and variance.

Although the conditional-independence assumption is often violated in real-world
datasets, NB can remain competitive because of its low variance, computational efficiency,
and probabilistic formulation. In the present study, NB provides a comparatively simple
generative baseline for evaluating whether the individual distributions of climatic and
environmental variables contain sufficient information for RVF outbreak discrimination.

3.5.6. Support Vector Machine

Support Vector Machine (SVM) [42] is a margin-based supervised learning algorithm
that determines a separating hyperplane designed to maximize the distance between
observations from different classes located closest to the decision boundary. These critical
observations are referred to as support vectors.

For a linear SVM, the decision function can be represented as

f (x) = wTx + b, (16)

where w defines the orientation of the separating hyperplane and b is the intercept. Model
estimation can be formulated as the optimization problem

min
w,b,ξ

1
2
∥w∥2 + C

N

∑
i=1

ξi, (17)

subject to
yi

(
wTxi + b

)
≥ 1 − ξi, ξi ≥ 0, (18)
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where C controls the trade-off between maximizing the margin and penalizing classifica-
tion errors.

SVM is particularly effective in problems in which the optimal class separation de-
pends on the observations located near the decision boundary. Its inclusion therefore
provides a margin-based alternative to probabilistic, distance-based, and tree-based classifi-
cation methods.

3.5.7. Weighted Logistic Regression

Weighted Logistic Regression (WLR) [43] extends conventional Logistic Regression
by assigning class-dependent penalties during parameter optimization. Consequently,
observations can exert different levels of influence on the estimated decision function while
preserving the probabilistic and interpretable structure of the original logistic model.

For a binary classification problem, the weighted log-loss can be expressed as

LWLR = −
N

∑
i=1

wyi [yi log(pi) + (1 − yi) log(1 − pi)], (19)

where yi is the observed class, pi is the predicted probability of the positive class, and wyi

represents the weight associated with the corresponding class.
The introduction of observation-dependent weights modifies the relative contribution

of individual training instances to the optimization process. WLR therefore preserves the
interpretability of conventional Logistic Regression while providing additional flexibility
in defining the importance assigned to different observations during learning.

3.5.8. XGBoost

Extreme Gradient Boosting (XGBoost) is an ensemble-learning algorithm based on
gradient-boosted decision trees [44]. The model is constructed sequentially, with each new
tree attempting to correct residual errors produced by the preceding ensemble.

For an ensemble containing T trees, the prediction can be represented as

ŷi =
T

∑
t=1

ft(xi), ft ∈ F , (20)

where F denotes the space of regression trees. XGBoost optimizes a regularized objective
function combining prediction loss with penalties associated with tree complexity,

L =
N

∑
i=1

l(yi, ŷi) +
T

∑
t=1

Ω( ft). (21)

The algorithm incorporates first- and second-order gradient information, regulariza-
tion, learning-rate shrinkage, feature subsampling, and observation subsampling. These
mechanisms provide substantial flexibility for modeling nonlinear relationships and com-
plex interactions among environmental, climatic, seasonal, and geographical predictors.

3.5.9. LightGBM

Light Gradient Boosting Machine (LightGBM) is a gradient-boosted decision-tree
framework developed for efficient learning from structured datasets [45]. Similar to other
boosting methods, LightGBM constructs an additive ensemble in which successive trees
are fitted to reduce the errors of the current model.

A distinguishing characteristic of LightGBM is its leaf-wise tree-growth strategy.
Rather than expanding all nodes at the same depth, the algorithm selects the leaf that
produces the largest reduction in the objective function. This approach can increase rep-
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resentational efficiency by concentrating model complexity in regions where additional
partitioning provides the greatest improvement.

LightGBM also employs histogram-based feature discretization and includes com-
putational strategies such as Gradient-based One-Side Sampling and Exclusive Feature
Bundling. These mechanisms reduce computational cost while maintaining the ability to
represent nonlinear effects and interactions among predictor variables.

3.5.10. CatBoost

CatBoost is a gradient-boosting algorithm based on decision trees that incorporates
an ordered boosting strategy intended to reduce prediction shift and improve generaliza-
tion [46]. Although the method was originally developed with particular emphasis on
categorical variables, its boosting architecture is also suitable for general structured tabular
datasets containing continuous and discrete predictors.

As in other gradient-boosting algorithms, CatBoost constructs an additive sequence
of weak learners. However, the ordered boosting procedure modifies the estimation
process so that predictions used during training are less affected by target leakage from the
same observations.

The algorithm also incorporates regularization mechanisms and symmetric tree struc-
tures that can provide stable prediction rules. In this study, CatBoost was included as
an alternative gradient-boosting formulation to XGBoost and LightGBM, enabling com-
parison among three modern boosting architectures with different tree-construction and
optimization strategies.

3.5.11. Balanced Random Forest

Balanced Random Forest (BRF) extends the conventional Random Forest framework
by combining randomized tree induction with balanced sampling during the construction
of individual trees [47]. A standard Random Forest generates an ensemble of decision
trees from bootstrap samples and introduces additional randomness by considering only a
subset of predictors at each split.

For a classification problem, the final prediction of a forest containing B trees can be
represented as

ŷ = mode{h1(x), h2(x), . . . , hB(x)}, (22)

where hb(x) denotes the prediction generated by tree b.
BRF modifies the sampling stage used to construct the individual trees, producing

different training subsets across the ensemble. Consequently, different observations may
contribute to different trees while the final decision is obtained through ensemble aggre-
gation. The combination of bootstrap-like sampling, randomized feature selection, and
multiple decision trees provides a flexible framework for capturing nonlinear relationships
and interactions while reducing the variance associated with individual CART models.

3.5.12. EasyEnsemble

EasyEnsemble is an ensemble-learning strategy based on constructing multiple classi-
fiers from independently generated training subsets [48]. Rather than relying on a single
training sample, the algorithm generates several subsets and fits an independent learner to
each of them. The resulting models therefore observe partially different representations of
the available data.

If M component classifiers are generated, their outputs can be aggregated according to

F(x) =
M

∑
m=1

αmhm(x), (23)
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where hm(x) denotes the prediction generated by the mth component model and αm repre-
sents its contribution to the ensemble.

The use of multiple independently trained classifiers increases model diversity and
enables information from different training subsets to contribute to the final decision.
EasyEnsemble therefore provides an ensemble architecture that differs substantially from
both tree bagging and conventional gradient boosting.

3.5.13. RUSBoost

Random Under-Sampling Boosting (RUSBoost) combines iterative sampling with the
adaptive learning mechanism of boosting [49]. During each boosting iteration, a subset of
the available training observations is used to fit a weak learner, while observation weights
are updated according to classification performance.

The final classifier can be represented as a weighted combination of weak learners,

H(x) = sign

(
T

∑
t=1

αtht(x)

)
, (24)

where ht(x) represents the weak learner generated at iteration t and αt denotes its corre-
sponding ensemble weight.

The boosting mechanism progressively assigns greater influence to observations that
are difficult to classify, allowing subsequent weak learners to focus on errors produced
during previous iterations. RUSBoost therefore combines sample selection and adaptive
ensemble construction within a single iterative learning framework.

Overall, the thirteen classifiers provide complementary representations of the RVF
outbreak-prediction problem. LR and LDA provide linear decision models based on dis-
criminative and distributional formulations, respectively; KNN represents instance-based
learning; NB provides a probabilistic generative approach; SVM introduces margin-based
classification; and CART provides an interpretable nonlinear recursive-partitioning model.
WLR extends the conventional logistic formulation through weighted optimization. XG-
Boost, LightGBM, and CatBoost represent modern gradient-boosting architectures, whereas
BRF, EasyEnsemble, and RUSBoost provide different ensemble-learning mechanisms based
on randomized tree construction, multiple training subsets, and adaptive boosting, respec-
tively. Consequently, the experimental framework enables comparison across substantially
different statistical assumptions, model complexities, and decision mechanisms, as summa-
rized in Table 5.

3.6. Evaluation Metrics in ML

Table 6 summarizes the main metrics used to evaluate the binary classification models.
The selected measures characterize different aspects of predictive performance, including
discrimination between positive and negative classes, classification errors, and threshold-
dependent behavior. Particular attention is given to F1-score, ROC-AUC, and AUPRC due
to their relevance in imbalanced classification problems.

Table 6. Binary classification evaluation metrics and their importance.

Metric and Curves Implication of Usage Formula

False-positive rate (FPR) Measures the proportion of actual negative
instances that are incorrectly classified as positive. FPR =

FP
FP + TN

False-negative rate (FNR) Measures the proportion of actual positive
instances that are incorrectly classified as negative. FNR =

FN
FN + TP
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Table 6. Cont.

Metric and Curves Implication of Usage Formula

True-negative rate (Specificity) Measures the classifier’s ability to correctly
identify actual negative instances. TNR =

TN
TN + FP

Negative predictive value Measures the proportion of predicted negative
instances that are actually negative. NPV =

TN
TN + FN

Sensitivity/Recall Measures how accurately the classifier identifies
actual positive instances. Recall = TPR =

TP
TP + FN

Precision Measures the proportion of predicted positive
instances that are actually positive. Precision =

TP
TP + FP

Accuracy Measures the proportion of positive and negative
instances that are correctly classified. ACC =

TP + TN
TP + TN + FP + FN

Confusion matrix Table containing the numbers of true positives,
false negatives, false positives, and true negatives.

[
TP FN
FP TN

]
F1 score Harmonic mean of precision and recall, providing

a balance between both metrics. F1 = 2
Precision × Recall
Precision + Recall

ROC-AUC curve and score
Shows the trade-off between the false-positive rate
(FPR) and the true-positive rate (TPR) at different

classification thresholds.
AUC =

∫ 1

0
TPR(FPR) d(FPR)

Precision-Recall curve and score
Combines precision and recall at different
classification thresholds and is particularly

informative for imbalanced datasets.
AUPRC =

∫ 1

0
Precision(Recall) d(Recall)

4. Results
This section presents the predictive performance and interpretability results obtained

for the thirteen machine learning classifiers evaluated for RVF outbreak prediction. The
analysis first reports the optimized model configurations and subsequently compares
performance on the original and SMOTENC-balanced training conditions using over-
all and class-specific metrics, including sensitivity, specificity, F1-score, ROC–AUC, and
precision–recall measures. The effect of SMOTENC is further examined through metric vari-
ations, row-normalized confusion matrices, and ROC curves, providing a detailed assess-
ment of the trade-offs between outbreak detection and false-positive control. Finally, SHAP-
based analyses are used to investigate the contribution, direction, and relative importance
of the climatic and environmental predictors across models and experimental conditions.

Table 7 summarizes the computational environment, software libraries, and versions
used throughout the experimental pipeline. The listed resources supported data prepro-
cessing, statistical analysis, model training and optimization, performance evaluation,
visualization, and model interpretability. A fixed random seed was adopted, where appli-
cable, to improve the reproducibility of stochastic procedures.

Table 8 summarizes the hyperparameter search spaces used for the machine learn-
ing models evaluated in this study, together with the optimal configurations obtained
for the retrospective stratified 80:20 benchmark. Hyperparameter optimization was per-
formed exclusively within the model-development data, and observations reserved for
final performance assessment were not used during model selection.

For the retrospective stratified 80:20 experiment, GridSearch was applied only
to the 80% training subset, while the independent 20% hold-out set remained com-
pletely untouched until final model evaluation. For the additional temporal and spatial
validation experiments, the same predefined hyperparameter search spaces were re-
tained, but model selection was performed independently within the corresponding
model-development data. Therefore, the configuration optimized under the retrospec-
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tive random split was not automatically imposed on the temporally or geographically
independent validation scenarios.

Table 7. Computational environment and software resources used to conduct the experiments.

Component Version Environment/Tool Purpose in the Experimental Pipeline

Computational platform Python 3.14.7 Google Colaboratory
Cloud-based environment used for preprocessing, statistical
analysis, model training, hyperparameter optimization, and
model evaluation.

Numerical computing 2.5.1 NumPy Numerical operations, array manipulation, and mathematical
computations.

Data manipulation 3.0.5 Pandas Dataset loading, cleaning, preprocessing, transformation, and
organization.

Statistical analysis 1.18.0 SciPy Statistical analyses and hypothesis testing, including the
Mann–Whitney U test.

General machine learning 1.9.0 Scikit-learn
Data preprocessing, stratified data partitioning, Logistic
Regression, cross-validation, performance metrics, and
hyperparameter optimization.

Imbalanced learning 0.14.2 imbalanced-learn Implementation of Balanced Random Forest, EasyEnsemble,
RUSBoost, and imbalance-aware learning procedures.

Gradient boosting 3.4.0 XGBoost Implementation of XGBoost with positive-class weighting
through scale_pos_weight.

Gradient boosting 4.7.0 LightGBM Implementation of gradient-boosted decision trees with
class-dependent weighting.

Gradient boosting 1.2.10 CatBoost Implementation of ordered gradient boosting with
class-dependent weighting.

Visualization 3.11.1 Matplotlib Generation of performance curves, confusion matrices, feature
importance plots, and other graphical analyses.

Statistical visualization 0.13.2 Seaborn Generation of exploratory and statistical visualizations.

Model interpretability 0.52.0 SHAP
Global and local interpretation of model predictions and
assessment of the contribution of climatic and environmental
predictors.

Reproducibility 42 Random seed
Fixed pseudo-random seed used, where applicable, to ensure
reproducibility of stochastic procedures and
data partitioning.

Table 8. Hyperparameter search spaces and optimal configurations selected for the retrospective
stratified 80:20 benchmark. The same search spaces were used for independent hyperparameter
optimization under the temporal and spatial validation designs.

Model Hyperparameter Search Space Selected Configuration—Retrospective 80:20

Logistic Regression (LR)

C: {0.001, 0.01, 0.1, 1, 10, 100};
penalty: {L1, L2};
solver: {liblinear, saga};
max_iter: {1000, 2000, 5000}

C: 1;
penalty: L2;
solver: saga;
max_iter: 2000

Linear Discriminant Analysis (LDA)
solver: {svd, lsqr, eigen};
shrinkage: {None, auto, 0.1, 0.5, 0.9};
tol: {10−5, 10−4, 10−3}

solver: lsqr;
shrinkage: auto;
tol: 10−4

K-Nearest Neighbors (KNN)

n_neighbors: {3, 5, 7, 9, 11, 15, 21};
weights: {uniform, distance};
metric: {minkowski};
p: {1, 2};
leaf_size: {20, 30, 40, 50}

n_neighbors: 11;
weights: distance;
metric: minkowski;
p: 2;
leaf_size: 30

CART

criterion: {gini, entropy, log_loss};
max_depth: {None, 5, 10, 20, 30};
min_samples_split: {2, 5, 10, 20};
min_samples_leaf: {1, 2, 4, 8};
max_features: {None, sqrt, log2};
class_weight: {None, balanced}

criterion: gini;
max_depth: 10;
min_samples_split: 5;
min_samples_leaf: 2;
max_features: sqrt;
class_weight: balanced
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Table 8. Cont.

Model Hyperparameter Search Space Selected Configuration—Retrospective 80:20

Naive Bayes (NB) var_smoothing:
{10−12, 10−11, 10−10, 10−9, 10−8, 10−7, 10−6} var_smoothing: 10−9

Support Vector Machine (SVM)

C: {0.01, 0.1, 1, 10, 100};
kernel: {linear, rbf, poly};
gamma: {scale, auto, 0.001, 0.01, 0.1, 1};
degree: {2, 3, 4};
class_weight: {None, balanced}

C: 10;
kernel: rbf;
gamma: scale;
class_weight: balanced

Weighted Logistic Regression

C: {0.001, 0.01, 0.1, 1, 10, 100};
penalty: {L1, L2};
solver: {liblinear, saga};
positive-class weight: {100, 200, 300, 415, 500, 700}

C: 1;
penalty: L2;
solver: saga;
positive-class weight: 415

XGBoost

n_estimators: {200, 400, 600, 800};
max_depth: {3, 5, 7, 9};
learning_rate: {0.01, 0.05, 0.10};
min_child_weight: {1, 3, 5};
subsample: {0.70, 0.85, 1.00};
colsample_bytree: {0.70, 0.85, 1.00};
gamma: {0, 0.1, 0.3};
reg_alpha: {0, 0.1, 1.0};
reg_lambda: {1, 3, 5};
scale_pos_weight: {100, 200, 300, 415, 500, 700}

n_estimators: 600;
max_depth: 5;
learning_rate: 0.05;
min_child_weight: 3;
subsample: 0.85;
colsample_bytree: 0.85;
gamma: 0.1;
reg_alpha: 0.1;
reg_lambda: 3;
scale_pos_weight: 415

LightGBM

n_estimators: {200, 400, 600, 800};
learning_rate: {0.01, 0.05, 0.10};
num_leaves: {15, 31, 63, 127};
max_depth: {−1, 5, 10, 15};
min_child_samples: {10, 20, 50, 100};
subsample: {0.70, 0.85, 1.00};
colsample_bytree: {0.70, 0.85, 1.00};
reg_alpha: {0, 0.1, 1.0};
reg_lambda: {0, 1, 5};
positive-class weight: {100, 200, 300, 415, 500, 700}

n_estimators: 600;
learning_rate: 0.05;
num_leaves: 31;
max_depth: 10;
min_child_samples: 20;
subsample: 0.85;
colsample_bytree: 0.85;
reg_alpha: 0.1;
reg_lambda: 1;
positive-class weight: 415

CatBoost

iterations: {200, 400, 600, 800};
depth: {4, 6, 8, 10};
learning_rate: {0.01, 0.05, 0.10};
l2_leaf_reg: {1, 3, 5, 10};
random_strength: {0, 0.5, 1.0};
border_count: {32, 64, 128};
bagging_temperature: {0, 0.5, 1.0};
positive-class weight: {100, 200, 300, 415, 500, 700}

iterations: 600;
depth: 6;
learning_rate: 0.05;
l2_leaf_reg: 5;
random_strength: 0.5;
border_count: 64;
bagging_temperature: 0.5;
positive-class weight: 415

Balanced Random Forest

n_estimators: {100, 300, 500, 800};
max_depth: {None, 5, 10, 20, 30};
min_samples_split: {2, 5, 10};
min_samples_leaf: {1, 2, 4, 8};
max_features: {sqrt, log2, 0.5, 1.0};
sampling_strategy: {0.25, 0.50, 0.75, 1.00};
replacement: {False, True};
bootstrap: {False, True}

n_estimators: 500;
max_depth: 20;
min_samples_split: 5;
min_samples_leaf: 2;
max_features: sqrt;
sampling_strategy: 1.0;
replacement: True;
bootstrap: False

EasyEnsemble

n_estimators: {10, 20, 30, 50};
sampling_strategy: {0.25, 0.50, 0.75, 1.00};
replacement: {False, True};
base estimator n_estimators: {25, 50, 100, 200};
base estimator learning_rate:
{0.01, 0.05, 0.10, 0.50, 1.00}

n_estimators: 20;
sampling_strategy: 1.0;
replacement: False;
base n_estimators: 100;
base learning_rate: 0.10

RUSBoost

n_estimators: {50, 100, 200, 400};
learning_rate: {0.01, 0.05, 0.10, 0.50, 1.00};
sampling_strategy: {0.25, 0.50, 0.75, 1.00};
replacement: {False, True};
base-tree max_depth: {1, 2, 3, 5};
base-tree min_samples_leaf: {1, 2, 5, 10}

n_estimators: 200;
learning_rate: 0.10;
sampling_strategy: 1.0;
replacement: False;
base-tree max_depth: 2;
base-tree min_samples_leaf: 2

For temporal validation, hyperparameter optimization was restricted to chronolog-
ically earlier observations. Internal validation partitions preserved temporal ordering,
ensuring that observations occurring later in time did not contribute to the optimization of
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models fitted using earlier observations. Calendar year was used exclusively to define the
temporal partitions and was not included as a predictive feature.

For spatially grouped validation, the geographic grouping structure was preserved
throughout model selection. All observations associated with the same administrative unit
were assigned to the same group, preventing observations from that unit from simultane-
ously contributing to the training and validation portions of a given fold. The geographic
identifier was therefore used exclusively for partition construction and was excluded from
the predictive feature matrix.

All data-dependent preprocessing operations were fitted exclusively within the cor-
responding training partitions. These operations included continuous-feature scaling,
estimation of class-dependent weights, and imbalance-handling procedures. When SMO-
TENC was evaluated, synthetic minority-class observations were generated exclusively
from the training portion of each cross-validation fold. SMOTENC was therefore applied
after the construction of the fold-specific training and validation subsets and was never
applied to the complete model-development dataset before cross-validation.

Consequently, neither the independent test observations nor fold-specific validation
observations contributed to feature-scaling parameter estimation, class-weight estimation,
minority-class neighborhood construction, synthetic sample generation, or hyperparameter
selection. After identification of the optimal configuration, the corresponding classifier
was refitted using the complete model-development subset associated with the validation
scenario and subsequently evaluated on observations that had remained unseen throughout
preprocessing, resampling, hyperparameter optimization, and model fitting.

The hyperparameter configurations reported in Table 8 correspond specifically to the
retrospective stratified 80:20 benchmark. Hyperparameters for the temporal and spatial
validation experiments were re-optimized independently using the same search spaces
and the validation constraints described above. This strategy avoids implicitly favor-
ing one validation design by imposing a model configuration selected under a different
data-partitioning structure and provides a more appropriate assessment of retrospective,
temporal, and geographic generalization.

4.1. Model Performance Under the Retrospective Hold-Out Benchmark

Table 9 summarizes the predictive performance of the evaluated machine learn-
ing models under the retrospective stratified 80:20 hold-out benchmark. The results
reported in this table correspond to performance on the independent 20% test subset
that remained completely unseen during preprocessing, hyperparameter optimization,
resampling, and model fitting. Therefore, the values reported here represent point esti-
mates obtained from the retrospective hold-out experiment rather than averages across
repeated random executions.

The results demonstrate the substantial effect of extreme class imbalance on con-
ventional classification metrics. Logistic Regression (LR), Linear Discriminant Analysis
(LDA), K-Nearest Neighbors (KNN), Naive Bayes (NB), and Support Vector Machine (SVM)
achieved very high overall accuracy and specificity on the original imbalanced dataset,
generally exceeding 0.98. However, these models exhibited zero or near-zero sensitivity
for the reported RVF-outbreak class. Their apparently strong overall performance was
therefore primarily attributable to correct classification of the overwhelmingly dominant
no-reported-outbreak class rather than effective detection of the rare epidemiologically
relevant outcome.

Application of SMOTENC produced model-dependent effects. Minority-class sensitiv-
ity increased for KNN from 0.0000 to 0.0690, for CART from 0.0345 to 0.1609, and for NB
from 0.0000 to 0.0805. These increases, however, were accompanied by very low positive
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predictive values and correspondingly limited F1-scores. Weighted Logistic Regression
maintained substantially greater outbreak sensitivity (0.5747 under both conditions), but
this improvement in minority-class detection occurred at the expense of considerably lower
specificity and overall accuracy. These findings illustrate the fundamental trade-off between
identifying rare reported RVF events and controlling false-positive classifications.

Table 9. Performance of the evaluated machine learning models under the retrospective stratified
80:20 hold-out benchmark, using the original imbalanced training data and training data resampled
with SMOTENC.

Model Training
Condition Accuracy Precision Sensitivity/Recall Specificity/TNR F1-Score ROC–AUC PR–AUC (AP)

Logistic Regression (LR) Original 0.9976 0.0000 0.0000 1.0000 0.0000 0.6862 0.0060
Logistic Regression (LR) SMOTENC 0.9940 0.0000 0.0000 0.9964 0.0000 0.6877 0.0060

Linear Discriminant Analysis (LDA) Original 0.9975 0.0000 0.0000 0.9999 0.0000 0.6991 0.0057
Linear Discriminant Analysis (LDA) SMOTENC 0.9880 0.0000 0.0000 0.9904 0.0000 0.6955 0.0058

K-Nearest Neighbors (KNN) Original 0.9968 0.0000 0.0000 0.9992 0.0000 0.5788 0.0066
K-Nearest Neighbors (KNN) SMOTENC 0.9873 0.0156 0.0690 0.9895 0.0255 0.6640 0.0096

CART Original 0.9946 0.0265 0.0345 0.9969 0.0300 0.5832 0.0074
CART SMOTENC 0.9810 0.0223 0.1609 0.9830 0.0392 0.6558 0.0111

Naive Bayes (NB) Original 0.9876 0.0000 0.0000 0.9900 0.0000 0.6890 0.0051
Naive Bayes (NB) SMOTENC 0.9658 0.0060 0.0805 0.9679 0.0112 0.6830 0.0052

Support Vector Machine (SVM) Original 0.9976 0.0000 0.0000 1.0000 0.0000 0.6965 0.0058
Support Vector Machine (SVM) SMOTENC 0.9973 0.0000 0.0000 0.9997 0.0000 0.6944 0.0058

Weighted Logistic Regression Original 0.7006 0.0046 0.5747 0.7009 0.0092 0.7017 0.0056
Weighted Logistic Regression SMOTENC 0.6940 0.0045 0.5747 0.6943 0.0090 0.6962 0.0056

XGBoost Original 0.9619 0.0286 0.4483 0.9632 0.0538 0.9176 0.0303
XGBoost SMOTENC 0.9555 0.0274 0.5057 0.9566 0.0520 0.8917 0.0221

LightGBM Original 0.9805 0.0319 0.2414 0.9823 0.0563 0.9062 0.0238
LightGBM SMOTENC 0.9712 0.0305 0.3563 0.9726 0.0563 0.8992 0.0243

CatBoost Original 0.9653 0.0329 0.4713 0.9664 0.0614 0.9175 0.0330
CatBoost SMOTENC 0.9489 0.0259 0.5517 0.9499 0.0496 0.8978 0.0258

Balanced Random Forest Original 0.8241 0.0120 0.8851 0.8240 0.0237 0.9114 0.0285
Balanced Random Forest SMOTENC 0.9689 0.0248 0.3103 0.9705 0.0460 0.8987 0.0195

EasyEnsemble Original 0.6258 0.0047 0.7241 0.6256 0.0093 0.7529 0.0125
EasyEnsemble SMOTENC 0.6315 0.0040 0.6092 0.6315 0.0079 0.7197 0.0094

RUSBoost Original 0.7523 0.0051 0.5287 0.7528 0.0102 0.7423 0.0098
RUSBoost SMOTENC 0.7640 0.0058 0.5632 0.7645 0.0114 0.7083 0.0068

Note: Values correspond to point estimates obtained on the independent 20% hold-out set of the retro-
spective stratified 80:20 benchmark. They do not represent averages across repeated random train–test
splits. The test set was not subjected to SMOTENC or any other resampling procedure. “Original”
indicates models trained using the original imbalanced training data, whereas “SMOTENC” indicates
models for which SMOTENC was applied exclusively within the model-development pipeline.

The ensemble-based methods generally provided stronger discrimination than the
conventional classifiers. On the original imbalanced dataset, XGBoost and CatBoost pro-
duced nearly identical ROC–AUC point estimates of 0.9176 and 0.9175, respectively, while
Balanced Random Forest and LightGBM achieved ROC–AUC values of 0.9114 and 0.9062.
Given the very small numerical difference between XGBoost and CatBoost, these point
estimates should not be interpreted as evidence of meaningful superiority of one model
over the other without considering statistical uncertainty.

Balanced Random Forest achieved the greatest outbreak sensitivity among the eval-
uated models under the original-data condition (0.8851), although this was associated
with substantially lower specificity (0.8240) and accuracy (0.8241). XGBoost and CatBoost
showed lower sensitivity, 0.4483 and 0.4713, respectively, but retained substantially greater
specificity. LightGBM achieved a sensitivity of 0.2414 with specificity of 0.9823.

After SMOTENC, outbreak sensitivity increased from 0.4483 to 0.5057 for XGBoost,
from 0.2414 to 0.3563 for LightGBM, from 0.4713 to 0.5517 for CatBoost, and from 0.5287 to
0.5632 for RUSBoost. These improvements were, however, generally accompanied by re-
ductions in specificity, ROC–AUC, precision, or combinations of these metrics. Conversely,
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Balanced Random Forest exhibited a marked decline in outbreak sensitivity from 0.8851 to
0.3103 after SMOTENC despite its higher overall accuracy. EasyEnsemble also showed a
decline in sensitivity, from 0.7241 to 0.6092.

Importantly, Average Precision (PR–AUC) remained low across all classifiers, reflecting
the extremely low prevalence of reported RVF events in the evaluation set. Consequently,
ROC–AUC and overall accuracy were not interpreted in isolation. Greater emphasis was
placed on outbreak sensitivity, precision, F1-score, PR–AUC, specificity, and the trade-off
between outbreak detection and false-positive predictions.

Class-Specific Performance

Table 10 provides a class-specific view of model behavior under the retrospective
hold-out benchmark. This analysis is particularly important because aggregate accuracy is
strongly influenced by the extreme prevalence imbalance. The evaluation set contained
35,971 observations with no reported RVF outbreak and only 87 observations associated
with a reported outbreak.

For the no-reported-outbreak class, most conventional classifiers achieved precision
and recall values close to one. However, this strong majority-class performance frequently
coincided with complete failure to identify reported RVF events. LR, LDA, KNN, NB,
and SVM produced zero outbreak recall when trained on the original imbalanced data,
demonstrating that high overall accuracy does not necessarily reflect epidemiologically
useful event detection.

SMOTENC improved outbreak recall for selected conventional models. KNN in-
creased from 0.0000 to 0.0690, CART from 0.0345 to 0.1609, and NB from 0.0000 to 0.0805.
Nevertheless, the positive predictive values of these models remained very low, resulting
in limited outbreak-class F1-scores.

The imbalance-aware ensemble methods exhibited substantially different sensitivity–
specificity trade-offs. Balanced Random Forest achieved an outbreak recall of 0.8851 on the
original dataset, followed by EasyEnsemble (0.7241), Weighted Logistic Regression (0.5747),
RUSBoost (0.5287), CatBoost (0.4713), and XGBoost (0.4483). However, the high sensitivity
of Balanced Random Forest and EasyEnsemble was accompanied by very low outbreak
precision (0.0120 and 0.0047, respectively), indicating a substantial false-positive burden.

Among the boosting models, CatBoost produced an outbreak-class F1-score of 0.0614,
compared with 0.0563 for LightGBM and 0.0538 for XGBoost under the original-data
condition. These values should be interpreted as descriptive point estimates rather than
definitive evidence that one classifier is superior, particularly given the small number of
positive observations in the test set.

After SMOTENC, outbreak recall increased for XGBoost, LightGBM, CatBoost, and
RUSBoost but did not consistently translate into improved F1-score or PR–AUC. Balanced
Random Forest showed the opposite pattern: outbreak recall decreased from 0.8851 to
0.3103, despite improvement in outbreak precision and F1-score. EasyEnsemble also
exhibited reduced outbreak sensitivity after SMOTENC.

Overall, these class-specific results demonstrate that the principal modeling challenge
is not recognition of the overwhelmingly prevalent no-reported-outbreak class, but rather
achieving useful sensitivity for rare reported RVF events while maintaining an operationally
acceptable false-positive rate. Consequently, subsequent temporal and spatial validation
analyses focus particularly on the stability of outbreak sensitivity, precision, PR–AUC, and
specificity under more restrictive generalization conditions.
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Table 10. Class-specific performance of the evaluated machine learning models under the retrospec-
tive stratified 80:20 hold-out benchmark.

Model Training Condition Class Precision Recall F1-Score Support

Logistic Regression (LR)
Original No reported outbreak (0) 0.9976 1.0000 0.9988 35,971

Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

SMOTENC No reported outbreak (0) 0.9976 0.9964 0.9970 35,971
Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

Linear Discriminant Analysis (LDA)
Original No reported outbreak (0) 0.9976 0.9999 0.9987 35,971

Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

SMOTENC No reported outbreak (0) 0.9976 0.9904 0.9940 35,971
Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

K-Nearest Neighbors (KNN)
Original No reported outbreak (0) 0.9976 0.9992 0.9984 35,971

Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

SMOTENC No reported outbreak (0) 0.9977 0.9895 0.9936 35,971
Reported RVF outbreak (1) 0.0156 0.0690 0.0255 87

CART
Original No reported outbreak (0) 0.9977 0.9969 0.9973 35,971

Reported RVF outbreak (1) 0.0265 0.0345 0.0300 87

SMOTENC No reported outbreak (0) 0.9979 0.9830 0.9904 35,971
Reported RVF outbreak (1) 0.0223 0.1609 0.0392 87

Naive Bayes (NB)
Original No reported outbreak (0) 0.9976 0.9900 0.9937 35,971

Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

SMOTENC No reported outbreak (0) 0.9977 0.9679 0.9826 35,971
Reported RVF outbreak (1) 0.0060 0.0805 0.0112 87

Support Vector Machine (SVM)
Original No reported outbreak (0) 0.9976 1.0000 0.9988 35,971

Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

SMOTENC No reported outbreak (0) 0.9976 0.9997 0.9987 35,971
Reported RVF outbreak (1) 0.0000 0.0000 0.0000 87

Weighted Logistic Regression
Original No reported outbreak (0) 0.9985 0.7009 0.8237 35,971

Reported RVF outbreak (1) 0.0046 0.5747 0.0092 87

SMOTENC No reported outbreak (0) 0.9985 0.6943 0.8191 35,971
Reported RVF outbreak (1) 0.0045 0.5747 0.0090 87

XGBoost
Original No reported outbreak (0) 0.9986 0.9632 0.9806 35,971

Reported RVF outbreak (1) 0.0286 0.4483 0.0538 87

SMOTENC No reported outbreak (0) 0.9988 0.9566 0.9772 35,971
Reported RVF outbreak (1) 0.0274 0.5057 0.0520 87

LightGBM
Original No reported outbreak (0) 0.9981 0.9823 0.9901 35,971

Reported RVF outbreak (1) 0.0319 0.2414 0.0563 87

SMOTENC No reported outbreak (0) 0.9984 0.9726 0.9854 35,971
Reported RVF outbreak (1) 0.0305 0.3563 0.0563 87

CatBoost
Original No reported outbreak (0) 0.9987 0.9664 0.9823 35,971

Reported RVF outbreak (1) 0.0329 0.4713 0.0614 87

SMOTENC No reported outbreak (0) 0.9989 0.9499 0.9738 35,971
Reported RVF outbreak (1) 0.0259 0.5517 0.0496 87

Balanced Random Forest
Original No reported outbreak (0) 0.9997 0.8240 0.9034 35,971

Reported RVF outbreak (1) 0.0120 0.8851 0.0237 87

SMOTENC No reported outbreak (0) 0.9983 0.9705 0.9842 35,971
Reported RVF outbreak (1) 0.0248 0.3103 0.0460 87

EasyEnsemble
Original No reported outbreak (0) 0.9989 0.6256 0.7694 35,971

Reported RVF outbreak (1) 0.0047 0.7241 0.0093 87

SMOTENC No reported outbreak (0) 0.9985 0.6315 0.7737 35,971
Reported RVF outbreak (1) 0.0040 0.6092 0.0079 87

RUSBoost
Original No reported outbreak (0) 0.9985 0.7528 0.8584 35,971

Reported RVF outbreak (1) 0.0051 0.5287 0.0102 87

SMOTENC No reported outbreak (0) 0.9986 0.7645 0.8660 35,971
Reported RVF outbreak (1) 0.0058 0.5632 0.0114 87

Note: Support corresponds to the independent test subset of the retrospective stratified 80:20 bench-
mark: 35,971 observations with no reported RVF outbreak and 87 observations with a reported RVF
outbreak. The same test observations were used for the Original and SMOTENC training conditions;
no synthetic observations were included in the evaluation set.

Table 11 quantifies the change in model performance after SMOTENC relative to the
original dataset and confirms that its effect is strongly classifier-dependent. The clearest
improvements were observed for KNN and CART, whose sensitivity increased by +0.0690
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and +0.1264, respectively, accompanied by substantial gains in ROC-AUC (+0.0851 and
+0.0726) and F1-score, despite moderate reductions in accuracy and specificity. LightGBM
also showed a marked increase in sensitivity (+0.1149) and corresponding reduction in
FNR, although its ROC-AUC remained essentially stable (−0.0070). XGBoost and CatBoost
similarly improved outbreak detection (+0.0575 and +0.0805 in sensitivity), but at the cost
of lower specificity, precision, F1-score, ROC-AUC, and PR-based performance, indicating
a trade-off rather than an unequivocal improvement. The most pronounced adverse effect
occurred for Balanced Random Forest: although accuracy and specificity increased by
+0.1448 and +0.1466, sensitivity decreased by −0.5747 and FNR increased by the same
magnitude, demonstrating that the apparent improvement in overall classification was
driven primarily by better recognition of the majority class. EasyEnsemble showed a
similar, although less severe, pattern, whereas RUSBoost achieved modest simultaneous
gains in accuracy, specificity, and sensitivity but experienced reductions in ROC-AUC
and AUPRC. In contrast, LR, LDA, SVM, and Weighted Logistic Regression exhibited
negligible or unfavorable changes and no improvement in outbreak sensitivity. Table 11
shows that SMOTENC benefits selected classifiers, particularly KNN, CART, and Light-
GBM, but does not provide a universally favorable shift across metrics, reinforcing the
importance of evaluating changes in minority-class sensitivity together with specificity and
precision–recall performance.

The row-normalized confusion matrices presented in Figure 3 reveal substantial differ-
ences in the ability of the evaluated classifiers to distinguish RVF outbreak observations
from non-outbreak cases, while also highlighting heterogeneous responses to SMOTENC-
based resampling. Importantly, the results demonstrate that improved recognition of the
majority class does not necessarily translate into enhanced outbreak detection. Among the
ensemble methods, EasyEnsemble and Balanced Random Forest achieved comparatively
high sensitivity for the outbreak class when trained on the original dataset, reaching 72.4%
and 88.5%, respectively; however, both exhibited a marked decline in outbreak sensitivity
after SMOTENC, particularly Balanced Random Forest, whose sensitivity decreased to
31.0%. In contrast, RUSBoost showed a more favorable response to rebalancing, with
outbreak sensitivity increasing from 52.9% to 56.3%, accompanied by improved classifi-
cation of non-outbreak observations. CatBoost and XGBoost displayed a more balanced
behavior, with modest improvements in outbreak recognition after SMOTENC, while Light-
GBM also increased its detection of the positive class while maintaining high specificity.
Conversely, several conventional classifiers, particularly LR, LDA, SVM, KNN, and NB,
remained strongly biased toward the non-outbreak class, with some models classifying
virtually all observations as negative and consequently achieving near-zero sensitivity
for RVF outbreaks despite apparently strong performance for the majority class. This
behavior illustrates why accuracy, when considered in isolation, can be misleading in a
highly imbalanced setting and reinforces the need to jointly interpret sensitivity, specificity,
false-negative rate, precision–recall-based metrics, and class-specific performance. Overall,
the visual comparison shown in Figure 3 indicates that SMOTENC does not produce a uni-
versally beneficial effect across classifiers; rather, its impact is strongly model-dependent,
improving minority-class recognition for some algorithms while substantially deteriorating
the sensitivity–specificity trade-off for others.
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Table 11. Performance variation in the evaluated machine learning models after applying SMOTENC relative to the original dataset.

Model ∆Accuracy ∆FPR ∆FNR ∆Specificity/TNR ∆NPV ∆Sensitivity/Recall ∆Precision ∆F1-Score ∆ROC-AUC ∆AUPRC ∆Average Precision

Logistic Regression (LR) −0.0036 +0.0036 +0.0000 −0.0036 −0.0000 +0.0000 +0.0000 +0.0000 +0.0015 +0.0000 −0.0000

Linear Discriminant Analysis (LDA) −0.0095 +0.0095 +0.0000 −0.0095 −0.0000 +0.0000 +0.0000 +0.0000 −0.0036 +0.0000 +0.0000

K-Nearest Neighbors (KNN) −0.0096 +0.0098 −0.0690 −0.0098 +0.0001 +0.0690 +0.0156 +0.0255 +0.0851 +0.0044 +0.0029

CART −0.0136 +0.0140 −0.1264 −0.0140 +0.0003 +0.1264 −0.0042 +0.0092 +0.0726 +0.0068 +0.0037

Naive Bayes (NB) −0.0218 +0.0220 −0.0805 −0.0220 +0.0001 +0.0805 +0.0060 +0.0112 −0.0060 +0.0000 +0.0000

Support Vector Machine (SVM) −0.0002 +0.0003 +0.0000 −0.0003 −0.0000 +0.0000 +0.0000 +0.0000 −0.0021 +0.0000 +0.0000

Weighted Logistic Regression −0.0066 +0.0066 +0.0000 −0.0066 −0.0000 +0.0000 −0.0001 −0.0002 −0.0055 +0.0000 +0.0000

XGBoost −0.0064 +0.0066 −0.0575 −0.0066 +0.0001 +0.0575 −0.0012 −0.0017 −0.0259 −0.0074 −0.0082

LightGBM −0.0093 +0.0096 −0.1149 −0.0096 +0.0003 +0.1149 −0.0013 −0.0000 −0.0070 +0.0004 +0.0005

CatBoost −0.0163 +0.0165 −0.0805 −0.0165 +0.0002 +0.0805 −0.0069 −0.0119 −0.0198 −0.0067 −0.0072

Balanced Random Forest +0.1448 −0.1466 +0.5747 +0.1466 −0.0014 −0.5747 +0.0128 +0.0223 −0.0128 −0.0084 −0.0090

EasyEnsemble +0.0056 −0.0059 +0.1149 +0.0059 −0.0004 −0.1149 −0.0007 −0.0013 −0.0332 −0.0022 −0.0030

RUSBoost +0.0118 −0.0117 −0.0345 +0.0117 +0.0001 +0.0345 +0.0006 +0.0012 −0.0339 −0.0189 −0.0030
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Figure 3. Row-normalized confusion matrices comparing the classification performance of the
evaluated machine learning models with and without SMOTENC-based class rebalancing.
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As shown in Figure 4, the ROC analysis reveals three distinct performance patterns
across the evaluated classifiers. First, the tree-based boosting and ensemble methods pro-
vided the strongest discrimination on the original dataset, with XGBoost (AUC = 0.9176),
CatBoost (0.9175), Balanced Random Forest (0.9114), and LightGBM (0.9062) clearly out-
performing the remaining approaches. After SMOTENC, these models retained high
discriminative ability, although their AUC values decreased to 0.8917, 0.8978, 0.8987,
and 0.8992, respectively. The largest reduction within this group occurred for XGBoost
(∆AUC = −0.0259), whereas LightGBM was comparatively stable (∆AUC = −0.0070). Sec-
ond, RUSBoost and EasyEnsemble showed intermediate discrimination on the original data
(AUC = 0.7423 and 0.7529), but both deteriorated after SMOTENC to 0.7083 and 0.7197, sug-
gesting that combining additional resampling with classifiers already designed to address
imbalance may not necessarily improve ranking performance. Third, the conventional
classifiers generally exhibited weaker discrimination: WLR, SVM, NB, LDA, and LR pro-
duced AUC values around 0.69–0.70 and showed only marginal changes after SMOTENC.
In contrast, CART and KNN were the only models to exhibit substantial gains, increasing
from 0.5832 to 0.6558 (∆AUC = +0.0726) and from 0.5788 to 0.6640 (∆AUC = +0.0852),
respectively, although their final discrimination remained below that of the boosting-based
models. Overall, Figure 4 demonstrates that SMOTENC primarily benefited weaker local or
partition-based classifiers, whereas the strongest ensemble methods either remained stable
or experienced modest reductions in ROC–AUC. Given the extreme class imbalance, how-
ever, these results should be interpreted jointly with the confusion matrices, class-specific
sensitivity, and precision–recall analysis, since ROC–AUC alone may obscure clinically or
epidemiologically relevant differences in minority-class detection.

Figures 5 and 6 jointly show that the explanatory structure of the models is strongly
algorithm-dependent and that SMOTENC can modify not only predictive performance
but also the pattern of feature contributions. In the original dataset, month, rainfall, and
slope generally account for most of the predictive influence, although their roles vary across
classifiers. RUSBoost and EasyEnsemble rely heavily on month; Balanced Random Forest
distributes importance more evenly across slope, month, and rainfall; and the boosting-
based methods (LightGBM, XGBoost, and CatBoost) exhibit denser and wider SHAP
distributions, indicating a greater capacity to capture nonlinear effects and interactions
among predictors. In contrast, simpler models such as Naive Bayes, KNN, CART, LR, LDA,
and SVM display more concentrated or regular structures, with less dispersion of SHAP
values across several variables, suggesting lower flexibility in representing the relationship
between the predictors and the outcome.

After SMOTENC, some of these patterns remain stable, whereas others undergo
important redistributions. LR, Weighted Logistic Regression, LDA, and SVM preserve
nearly the same feature hierarchy, suggesting that rebalancing had little effect on their
explanatory logic. By contrast, RUSBoost and EasyEnsemble place even greater emphasis
on month, while Naive Bayes becomes less exclusively dominated by rainfall, distributing
more influence across other variables. The most evident structural change occurs in the
boosting-based models, especially XGBoost, in which rainfall loses prominence and slope
becomes more dominant after rebalancing; LightGBM and CatBoost also retain their overall
patterns but with greater relative emphasis on slope and, in some cases, elevation. In addition,
CART and KNN exhibit more dispersed and less degenerate distributions after SMOTENC,
suggesting a broader use of the feature space. Taken together, the two figures indicate that
SMOTENC tends to preserve the interpretation of linear and margin-based models, while
it can substantially alter the distribution of both local and global predictor importance
in ensembles and classifiers that are more sensitive to sample structure, reinforcing that
resampling affects not only performance metrics but also model interpretability.
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Figure 4. Receiver operating characteristic (ROC) curves for the machine learning classifiers evaluated
before and after SMOTENC-based class rebalancing.
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Figure 5. SHAP summary plots for the thirteen machine learning classifiers trained on the original
RVF dataset.

Figure 7 presents the normalized global feature-importance maps based on SHAP,
showing that the relative contribution of the predictors depends strongly on the classifier
and, in some cases, changes substantially after the application of SMOTENC. In the original
dataset, Figure 7a, month exhibits high importance for RUSBoost (0.50), EasyEnsemble
(0.42), and Balanced Random Forest (0.33), whereas rainfall strongly dominates the Naive
Bayes model (0.81). For the boosting-based models, feature importance is more evenly
distributed across the predictors, with rainfall and slope standing out in XGBoost, LightGBM,
and CatBoost. After SMOTENC, Figure 7b, some importance patterns remain relatively
stable, particularly for LR, LDA, SVM, and Weighted Logistic Regression, whereas others
exhibit more pronounced changes. In RUSBoost, for example, the relative contribution
of month increases from 0.50 to 0.62, while that of rainfall decreases from 0.33 to 0.25; a
similar pattern is observed for EasyEnsemble, in which the importance of month increases
from 0.42 to 0.56. Naive Bayes exhibits the most substantial redistribution of feature
importance, with the dominance of rainfall decreasing from 0.81 to 0.32 and the relative
contributions of month, humidity, and slope increasing, indicating a predictive structure that
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is less concentrated on a single predictor. Among the boosting models, the relevance of
slope increases after rebalancing, particularly for LightGBM (0.21 to 0.28), XGBoost (0.19 to
0.23), and CatBoost (0.22 to 0.25), accompanied by a reduction in the relative importance of
rainfall. These findings suggest that SMOTENC may affect not only predictive performance
but also the way in which certain algorithms distribute predictive influence among the
input variables. However, because the SHAP values were normalized within each model,
the results should be interpreted primarily in terms of relative feature importance and
within-model redistribution of predictor contributions, rather than as a direct comparison
of the absolute magnitude of SHAP values across classifiers.

Figure 6. SHAP summary plots for the thirteen machine learning classifiers trained after SMOTENC-
based class rebalancing of the RVF training data.
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(a)

(b)

Figure 7. Normalized global SHAP feature importance for the thirteen machine learning models
under (a) the original dataset and (b) the SMOTENC-balanced training condition.

5. Discussion
The results demonstrate the difficulty of modeling reported Rift Valley fever (RVF)

occurrence under extreme class imbalance. With only approximately 0.24% of the observa-
tions belonging to the positive class, several conventional classifiers achieved very high
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accuracy and specificity while identifying few or no reported RVF events. Overall accuracy
is therefore particularly uninformative in this setting because correct classification of the
dominant negative class can mask failure to detect the epidemiologically relevant rare class.
Sensitivity, precision, F1-score, specificity, and precision–recall performance provide a more
informative characterization of classifier behavior.

Tree-based ensemble methods provided the strongest overall discrimination in the
retrospective benchmark. XGBoost, CatBoost, Balanced Random Forest, and LightGBM
achieved ROC–AUC values above 0.90, consistent with previous evidence that nonlin-
ear methods can represent complex environmental relationships associated with RVF
occurrence [19,32]. However, similar ROC–AUC values did not correspond to similar
outbreak-detection profiles. Balanced Random Forest achieved the highest sensitivity
(0.8851), whereas XGBoost and CatBoost retained considerably greater specificity while
detecting a smaller proportion of reported events. The near-identical ROC–AUC values
obtained by XGBoost and CatBoost should likewise be interpreted as descriptive point
estimates rather than evidence of meaningful superiority of one classifier over the other.

The effect of SMOTENC was strongly classifier-dependent. Positive-class sensitivity
increased for XGBoost, LightGBM, CatBoost, CART, KNN, and RUSBoost, but these gains
were frequently accompanied by reductions in specificity, precision, ROC–AUC, or combi-
nations of these measures. Balanced Random Forest and EasyEnsemble, in contrast, lost
sensitivity after resampling. This behavior is especially relevant for algorithms that already
incorporate mechanisms for handling class imbalance because additional modification of
the training distribution may interfere with their internal sampling or weighting strategies.
SMOTENC should therefore be considered part of the classifier configuration rather than a
preprocessing operation expected to improve all models uniformly.

The low positive-class precision observed among the strongest discriminative models
is particularly important for practical interpretation. CatBoost, LightGBM, and XGBoost
achieved precision values of 0.0329, 0.0319, and 0.0286, respectively, despite comparatively
high ROC–AUC values. Consequently, the evaluated decision thresholds would gener-
ate substantially more false-positive alerts than correctly identified outbreaks. Balanced
Random Forest illustrates the opposite side of the same trade-off: its high sensitivity sub-
stantially increased the proportion of reported events identified, but at the expense of many
more false-positive classifications. Thus, operational suitability cannot be determined by
sensitivity or discrimination alone; the number of investigations generated by false alerts
must also be considered.

One Health Interpretation and Surveillance Implications

These performance trade-offs acquire particular importance in a One Health surveil-
lance context. The models evaluated here primarily capture the environmental and sea-
sonal component of a system that also includes mosquito vectors, livestock infection,
human exposure, and surveillance activity. Their predictions therefore indicate geographic-
unit–month combinations whose environmental profiles resemble those associated with
reported RVF events, but they do not by themselves establish active viral circulation or
an outbreak in animals or humans. This distinction is consistent with the integrated
human–animal–environment perspective required for zoonotic-disease surveillance [10].

The observed false-positive burden also defines a practical role for these models within
such a system. A positive prediction could be used to prioritize a location or period for
additional investigation rather than being interpreted as an outbreak declaration. Confir-
mation could then incorporate livestock morbidity and abortion reports, entomological
surveillance, veterinary field investigation, laboratory testing, and human case information
when available. Under this interpretation, environmental machine learning functions as
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an initial risk-screening layer within a broader surveillance process, allowing statistical
signals to be evaluated against epidemiological and biological evidence before operational
action is taken.

The historical outcome labels reinforce the need for this integrated interpretation. A
negative observation indicates that no RVF outbreak was recorded in the source dataset for
that geographic unit and period; it does not confirm absence of viral transmission. Surveil-
lance coverage and reporting sensitivity may have differed across locations and across
the 1981–2010 study period. Consequently, some predictions counted as false positives
against the historical reference could theoretically correspond to conditions associated with
unreported or undetected circulation. The available data do not allow such cases to be
distinguished retrospectively, and the models should therefore be interpreted as classifiers
of reported RVF occurrence, not of the complete underlying transmission process.

From an operational One Health perspective, this limitation also affects threshold
selection. Increasing sensitivity may be desirable when missing an outbreak has substantial
veterinary or public-health consequences, but the resulting false-alert burden must remain
compatible with the capacity to conduct field investigation and laboratory confirmation.
Decision thresholds should therefore ultimately reflect surveillance resources and the
relative consequences of false-negative and false-positive decisions rather than being
selected solely to maximize a statistical metric.

The SHAP analyses provide additional information about the environmental structure
learned by the classifiers. Month, the rainfall-derived measure, and the slope-derived terrain
measure recurrently contributed to model discrimination, although their relative impor-
tance varied across classifiers and training conditions. The importance of month indicates
that seasonal structure contributes substantially to the discrimination of reported RVF
observations. At the same time, the contribution of environmental and terrain-related
variables indicates that predictive information is distributed across multiple dimensions
rather than being attributable to a single factor. Variables with modest univariate effect
sizes could nevertheless receive substantial SHAP importance, suggesting that part of their
contribution arises through nonlinear effects or interactions captured by the fitted models.

These SHAP results should be interpreted predictively rather than causally. Feature
attribution describes how variables contribute to a fitted model under the observed data
distribution; it does not demonstrate that intervening on a predictor would directly alter
RVF transmission. This distinction is particularly relevant for seasonal and terrain-related
attributes, which may also encode broader ecological or geographic structure. In addition,
the changes in SHAP attribution observed after SMOTENC demonstrate that resampling
can modify not only classification performance but also the representation learned by
nonlinear models. Interpretability results in severely imbalanced epidemiological datasets
should therefore be considered together with the training distribution from which the
model was estimated.

An additional issue concerns the temporal meaning of the predictions. The time-
varying climatic variables used in the present study correspond to the same observation
period as the reported RVF outcome. The current framework therefore evaluates contem-
poraneous classification rather than fixed-horizon prospective forecasting. Formally, the
primary task is

Xg,t → Yg,t, (25)

where Xg,t represents the climatic, environmental, and seasonal information associated
with geographic unit g during period t, and Yg,t denotes its corresponding reported RVF
status. A genuine early-warning model would instead require

Xg,t−h → Yg,t, h > 0, (26)
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so that all time-varying information used to generate a prediction is available before the
target period. Lagged rainfall-derived measures, humidity, and antecedent environmental
summaries could consequently be evaluated for one-, two-, or three-month-ahead pre-
diction, whereas static topographic and soil characteristics would remain available at
prediction time.

The historical period and available predictor set also delimit the scope of the current
findings. Relationships estimated from observations collected between 1981 and 2010
may not fully represent contemporary conditions because climate, land use, livestock
systems, vector ecology, and surveillance infrastructure can change over time. Moreover,
the available environmental variables do not directly represent several components of
RVF transmission, including mosquito abundance, livestock density and movement, ani-
mal vaccination, vegetation and surface-water dynamics, or surveillance intensity. These
omissions do not invalidate the retrospective comparison performed here, but they restrict
the epidemiological processes that the models can represent and reinforce the need for
independent contemporary validation before operational application.

Overall, the results do not support selecting a single classifier solely from its highest
global performance value. Gradient-boosting methods provided strong retrospective dis-
crimination, whereas imbalance-aware approaches could achieve greater sensitivity under
selected conditions, but each configuration produced a distinct balance between outbreak
detection and false-positive burden. Similarly, SMOTENC altered both predictive perfor-
mance and feature attribution in a model-specific manner. The main contribution of the
present framework is therefore the simultaneous evaluation of discrimination, rare-event
detection, false-positive control, and interpretability for reported RVF occurrence. Within a
One Health setting, these outputs are most appropriately used as environmental risk signals
that complement, rather than replace, animal, vector, laboratory, and human surveillance.

6. Conclusions
The results show that machine learning performance for Rift Valley fever (RVF) classi-

fication cannot be adequately assessed using overall accuracy or ROC–AUC alone. Under
the severe class imbalance observed in this dataset, models with strong discrimination
frequently exhibited low positive-class precision, whereas classifiers with greater outbreak
sensitivity produced substantially more false-positive predictions. Model selection should
therefore consider the joint behavior of sensitivity, precision, specificity, PR–AUC, and
false-positive burden.

SMOTENC also produced markedly different effects across classifiers. For some mod-
els, resampling increased outbreak sensitivity, whereas for others it reduced minority-class
detection or altered the balance between sensitivity and specificity. The SHAP analyses
further indicated that rebalancing can modify feature-attribution patterns. Thus, imbal-
ance handling should be considered part of the model specification rather than a neutral
preprocessing step.

The present results should be interpreted as a retrospective classification of reported
RVF occurrence from contemporaneous climatic, environmental, and seasonal information.
Within this scope, the study provides a comparative framework for evaluating rare-event
classifiers while explicitly accounting for class imbalance, minority-class performance, and
changes in model interpretability.

6.1. Limitations

The study has four main limitations. First, only 433 of the 180,288 analytical obser-
vations correspond to reported RVF events. Consequently, performance estimates for the
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positive class are based on a limited number of events, and very small numerical differences
between classifiers should not be interpreted as evidence of meaningful superiority.

Second, the outcome represents reported RVF occurrence. A record coded as negative
indicates that no outbreak was reported in the source dataset, not that RVF transmission
was definitively absent. Because surveillance coverage and reporting sensitivity may
have varied across Kenya between 1981 and 2010, undetected outbreaks may introduce
outcome-label noise.

Third, the retrospective benchmark uses a fixed stratified 80:20 partition. Although
this provides a reproducible comparison across classifiers, the reported values are point
estimates rather than estimates of variability across independent random partitions. Sta-
tistical uncertainty around performance differences was therefore not used to establish
pairwise superiority between models.

Fourth, the available predictors provide only a partial representation of RVF epidemi-
ology. Variables directly related to vector abundance, livestock distribution and movement,
vaccination, vegetation, surface-water dynamics, and surveillance intensity were not avail-
able in the analytical dataset. In addition, the original documentation does not fully
establish the physical scale or transformation of the rainfall-derived and slope-derived
variables, limiting direct interpretation of their numerical magnitude.

6.2. Future Work

The next methodological step is to convert the present contemporaneous classification
framework into a genuine early-warning setting. This requires defining a prediction horizon
and constructing lagged predictors using only information available before the target month.
The resulting models should then be evaluated on chronologically subsequent periods and
geographically unseen administrative units.

Future analyses should also quantify uncertainty in the principal performance metrics,
particularly ROC–AUC, PR–AUC, and outbreak sensitivity, using bootstrap confidence
intervals or other resampling-based procedures. This would allow numerically close
models to be compared without relying solely on point estimates.

Operational evaluation should additionally focus on decision thresholds rather than
global discrimination alone. In particular, sensitivity should be examined at predefined
false-positive rates, together with the number of false alerts per 1000 observations. Such
thresholds should be defined according to the capacity of RVF surveillance systems to
investigate suspected events rather than selected solely to maximize a statistical metric.

Finally, incorporating vector, livestock, hydrological, vegetation, and surveillance-
related variables may help determine whether the limited positive-class precision observed
in the present study can be improved without an unacceptable increase in missed outbreaks.
These extensions would provide a more direct assessment of whether climate-informed
machine learning can progress from retrospective risk characterization toward operational
RVF surveillance.
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