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Abstract

Lassa fever remains a major public health challenge in West Africa, where
early clinical symptoms frequently overlap with other febrile illnesses and lab-
oratory confirmation may be delayed. This study developed and evaluated an
AI-enabled Clinical Decision Support System (CDSS) to support early triage
of suspected Lassa fever cases using a retrospective clinical surveillance dataset
from Irrua Specialist Teaching Hospital, Nigeria, spanning 2015 to 2025, one of
the largest longitudinal clinical surveillance datasets for Lassa fever. The final
cohort included 31, 277 patient encounters, with 3, 359 laboratory-confirmed
cases (10.7% prevalence). To ensure real-world deployability and the prevention
of data leakage, only variables available at initial clinical presentation, includ-
ing demographic characteristics and reported symptoms, were used for model
development. Four supervised models (logistic regression, random forest, gradient
boosting, and XGBoost) were evaluated using temporal validation, with recent
years reserved for independent testing. On the temporal test set, the selected
XGBoost model achieved ROC-AUC of 0.664, AUPRC of 0.137, and Brier score
of 0.057. Predicted probabilities were stratified into Low (< 0.12), Moderate
(0.12–0.155), and High (> 0.155) risk categories, with observed positivity rates
increasing across bands (3.9%, 8.7%, and 16.1%, respectively). The model was
deployed as a lightweight web-based CDSS with integrated feature-level expla-
nations, which demonstrated the feasibility of the real-time AI-assisted triage
using routine clinical surveillance data in endemic settings. Our findings highlight
the potential of AI-driven tools to support early decision-making and optimise
resource allocation for Lassa fever control.

Keywords: Clinical Decision Support System, Lassa Fever, Machine Learning, Triage,
XGBoost, Public Health Informatics, Artificial Intelligence.
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1 Introduction

Lassa fever is an acute viral haemorrhagic disease caused by an arenavirus, which is
transmitted primarily through contact with excreta from infectedMastomys natalensis

rodents, and also from secondary person-to-person transmission occurring particu-
larly in healthcare settings [1, 2]. The disease is endemic in parts of West Africa,
especially within the commonly described ”Lassa belt”, which includes Nigeria, Sierra
Leone, Liberia, and Guinea [3, 4]. Across the region, Lassa fever continues to impose
a significant public health burden, with Nigeria reporting recurrent outbreaks and
geographically dispersed suspected and confirmed cases [3, 4]. Although many infec-
tions are mild or clinically non-specific, severe cases among hospitalized patients are
associated with substantial fatality, which makes early recognition, supportive care,
isolation, and confirmatory testing essential [1–4]. However, timely diagnosis remains
difficult in many endemic settings because of limited laboratory access, delayed sample
transport, biosafety requirements, uneven surveillance coverage, and variable clinical
presentation.

The central problem addressed in this paper is the difficulty of early Lassa fever
triage at first clinical contact, particularly in resource-constrained healthcare envi-
ronments where confirmatory laboratory results may not be immediately available.
Early symptoms such as fever, headache, sore throat, malaise, and myalgia overlap
with common febrile illnesses including malaria and typhoid fever, which creates diag-
nostic uncertainty during the initial clinical encounter [1, 5, 6]. Although RT-PCR,
antigen detection, and IgM assays remain the diagnostic benchmarks [7, 8], clinicians
often need to make decisions on isolation, confirmatory testing, monitoring, and refer-
ral before laboratory confirmation is available. Existing machine learning studies for
infectious disease prediction provide useful evidence, but many Lassa fever models
are limited by small datasets, insufficient temporal validation, limited attention to
prevalence drift, or a lack of integration into deployable clinical decision support sys-
tems. This paper addresses these gaps by developing a sensitivity-oriented, temporally
validated, and deployment-focused clinical decision support system, which uses only
demographic and symptom variables available at first clinical contact. Four super-
vised learning models, namely logistic regression, random forest, gradient boosting,
and XGBoost, were trained on a retrospective clinical surveillance dataset from Irrua
Specialist Teaching Hospital spanning from 2015 to 2025, with the model selection pro-
cess guided primarily by sensitivity and precision–recall performance under temporal
validation.

Based on the above, this paper makes four main contributions as follows:

1. It presents a deployment-oriented clinical decision support framework for suspected
Lassa fever triage, which integrates machine learning inference, structured input
validation, and a lightweight browser-accessible clinical interface.

2. It applies strict temporal validation across a decade of clinical surveillance data,
which enables realistic assessment of model robustness under changing outbreak
intensity and prevalence drift.

3. It translates model predictions into low, moderate, and high-risk bands, which are
more practical for clinical triage than binary classification alone.
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4. It incorporates interpretable machine learning through feature-level contribution
analysis, which allows clinicians to review the factors influencing each risk assess-
ment. The selected XGBoost model achieved a receiver operating characteristic
area under the curve of 0.664, an area under the precision–recall curve of 0.137,
and a Brier score of 0.057 on an independent temporal test set, which supports its
use as a triage-oriented screening and prioritization tool rather than a definitive
diagnostic instrument.

The remainder of this paper is organized as follows. Section 2 reviews related work
on machine learning-based clinical decision support systems, infectious disease pre-
diction, and deployment considerations for resource-constrained healthcare settings.
Section 3 describes the clinical dataset, preprocessing procedures, feature engineering
strategy, temporal validation design, model development process, evaluation metrics,
and system architecture. Section 3.5 presents the model evaluation results, including
temporal test performance, risk-band stratification, and deployment analysis. Section 4
discusses the clinical and public health informatics implications of the findings, the lim-
itations of the study, and future pathways for external validation and implementation.
In section 5 we draw a conclusion.

2 Related Work

The literature on artificial intelligence (AI) and machine learning (ML) in clinical
decision support has expanded considerably over the past decade, covering predictive
modeling, risk stratification, infectious disease surveillance, and digital-health deploy-
ment frameworks. This section synthesizes existing studies across four areas that are
directly relevant to this work: machine learning in clinical decision support, artificial
intelligence for infectious disease modeling, digital-health and clinical decision support
system (CDSS) deployment frameworks, and persistent research gaps in triage-oriented
applications.

2.1 Machine Learning in Clinical Decision Support

Early applications of machine learning in clinical decision support included logistic
regression and Bayesian-based models, which were widely used for cardiovascular and
metabolic risk estimation [9]. By the early 2010s, decision-tree ensembles and random
forests demonstrated improved capacity for modeling non-linear feature interactions
in stroke and heart-disease prediction tasks [10]. Subsequently, gradient-boosting
algorithms such as XGBoost, LightGBM, and CatBoost achieved state-of-the-art per-
formance in structured medical datasets because they balance bias–variance trade-offs
while retaining a degree of interpretability [11, 12].

Compared with deep neural networks, which often require large and homoge-
neous image datasets, tree-based ensemble methods perform reliably on structured
clinical records and symptom-level inputs commonly captured during routine patient
intake. Prior studies have reported improved discrimination metrics when gradient
boosting methods were used instead of traditional regression models in intensive
care mortality and readmission prediction tasks [13, 14]. Support vector machines
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have also been applied in laboratory-based classification problems, particularly where
high-dimensional feature spaces are present [15].

Despite their strong predictive performance, gradient-boosting models require care-
ful hyperparameter tuning and may be sensitive to class imbalance, especially in
rare-disease prediction settings. These considerations are particularly relevant to infec-
tious disease triage, where disease prevalence may fluctuate over time and where
false-negative predictions may carry serious clinical and public health consequences.

Interpretability remains central to the clinical adoption of machine learning mod-
els. Methods such as Shapley Additive Explanations (SHAP) provide feature-level
attribution in tree-based models, which improves transparency and clinician trust [16].
Other approaches, including Local Interpretable Model-Agnostic Explanations (LIME)
and permutation importance, are now commonly integrated into clinical informatics
pipelines [17]. These developments inform the present study’s emphasis on transparent,
feature-level explanation within a triage support context.

2.2 Artificial Intelligence in Infectious Disease Modeling

Traditional infectious disease modeling has relied heavily on compartmental
approaches such as Susceptible–Infectious–Recovered (SIR) and Susceptible–Exposed–
Infectious–Recovered (SEIR) frameworks, which assume homogeneous mixing and
fixed transmission parameters [18]. While these models are useful for population-level
forecasting, they may not adequately capture non-linear and multi-factorial influences
such as climate variability, mobility patterns, heterogeneous clinical presentation, and
variations in healthcare-seeking behavior [19].

Machine learning methods have increasingly supplemented epidemiological mod-
eling. Applications in malaria and dengue forecasting have demonstrated improved
predictive performance when environmental, demographic, and surveillance data
are incorporated into model development [20, 21]. During the COVID-19 pan-
demic, ensemble and gradient-based approaches were widely used for risk prediction,
hospitalization triage, and clinical deterioration assessment [22, 23].

Recent reviews have further highlighted the growing role of artificial intelligence in
epidemic preparedness, infectious disease surveillance, and outbreak response systems,
particularly in resource-constrained environments. The application of AI techniques
was reviewed in [24] across epidemic management workflows and identified opportu-
nities for improved predictive modeling, triage support, and surveillance optimization
in diseases such as Lassa fever. However, the authors emphasized persistent challenges
related to data quality, generalizability, infrastructure limitations, and real-world
deployment constraints.

In contrast to more extensively studied infectious diseases, machine learning appli-
cations in viral haemorrhagic fevers remain comparatively limited. Existing Lassa
fever modeling efforts have often relied on small datasets, lacked temporal validation,
or reported limited sensitivity in triage-relevant contexts [25–27]. Moreover, many
studies focus primarily on algorithm development without integrating deployment
considerations or evaluating real-world workflow implications.
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Given the high public health implications of missed cases in viral haemorrhagic
fevers, triage-oriented models must prioritize sensitivity and operational applicabil-
ity rather than overall accuracy alone. This is especially important in outbreak-prone
settings where early identification, timely isolation, and confirmatory testing can
substantially influence disease control outcomes.

2.3 Digital-Health and CDSS Deployment Frameworks

Early clinical decision support systems such as MYCIN and INTERNIST-I were rule-
based and relied on expert-curated logic [28]. Although these systems were transparent,
they lacked scalability and adaptability to evolving clinical data. Contemporary CDSS
architectures increasingly incorporate machine learning back-ends that can learn from
structured clinical datasets and support data-driven decision-making [29].

Modern digital health systems emphasize interoperability, modularity, and inte-
gration with existing clinical infrastructure. Standards such as Health Level Seven
Fast Healthcare Interoperability Resources (HL7 FHIR) support structured healthcare
data exchange, while SMART on FHIR facilitates secure integration within electronic
health record systems [30]. Open frameworks such as OpenCDS further enable portable
decision logic across healthcare platforms [31].

Lightweight web frameworks, including Flask, Django, and FastAPI, have enabled
rapid deployment of ML-backed CDSS applications with minimal infrastructure over-
head [32]. Cloud-based hosting platforms further support scalability, remote access,
and distributed deployment in healthcare environments [33]. These technologies are
particularly relevant for resource-constrained settings, where locally deployable and
web-accessible tools may provide practical support for frontline triage.

User-centered design remains critical for CDSS adoption. Implementation stud-
ies emphasize the importance of clear output presentation, minimal input burden,
and transparent explanation of model reasoning [34, 35]. In response to these
requirements, the present system incorporates structured risk categorization and
feature-level explanations to enhance interpretability and usability within routine
clinical workflows.

2.4 Synthesis of Research Gaps

A synthesis of prior literature reveals four persistent gaps. First, there is a sensitivity
gap, as many existing models report overall discrimination metrics but do not explic-
itly optimize for sensitivity in triage settings. Second, there is a validation gap, since
temporal validation and prevalence-shift assessment are often absent, thereby limiting
confidence in real-world reliability. Third, there is a deployment gap, as few studies
integrate machine learning models into operational, web-based systems that are acces-
sible in resource-constrained environments. Fourth, there is a workflow alignment gap,
with limited attention given to how AI-enabled tools can be integrated into existing
public health triage and surveillance processes.

These gaps served to motivate the present study, which develops a sensitivity-
oriented, temporally validated, and web-deployable CDSS for Lassa fever triage using
real-world clinical surveillance data.
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Table 1 Comparative Summary of Related Works

Author &
Year

Disease /
Application

Dataset
Size

Algorithm(s) Best Performance
Metric

Validation Type Deployment
Status / Notes

Adebayo et al.
(2021) [25]

Lassa fever ∼500 SVM, RF Accuracy = 93%;
Recall < 80%

Random split Model trained
offline; no
deployment
tested

Abebe et al.
(2022) [26]

Lassa fever ∼300 CNN Accuracy = 95%;
poor generalization

Cross-validation Overfitting due
to limited data;
no deployment

Musa et al.
(2023) [27]

Lassa fever ∼1,000 XGBoost + socio-
demographic features

Accuracy = 97%;
Recall ≈ 88%

Train/test split No usability
evaluation or
web framework

Lee et al. (2024)
[32]

Sepsis prediction ∼15,000 XGBoost in Flask
CDSS

AUC = 0.91 Prospective
validation

Fully deployed in
hospital setting;
latency < 200 ms

Elhaddad et al.
(2024) [36]

IoT anomaly
detection

∼12,000 XGBoost + RF
hybrid

Accuracy ≈ 99% Cross-validation Experimental
ML prototype;
not a CDSS

This study
(2026)

Lassa fever
triage

31,277 Logistic regression,
RF, Gradient
Boosting, XGBoost

ROC-AUC = 0.664;
Sensitivity = 97.98%

Temporal
validation

Web-based
CDSS for early
triage with
feature-level
explanations
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Table 1 summarizes representative studies that apply machine learning to infec-
tious disease prediction and digital health applications. Prior Lassa fever models have
typically relied on relatively small datasets and often reported overall accuracy without
emphasizing sensitivity under temporal validation. In contrast, the present study uses
a decade-long clinical surveillance dataset and explicitly prioritizes sensitivity within
a triage-oriented framework, while integrating the selected model into a web-based
CDSS.

3 AI-enabled Clinical Decision Support System

3.1 Study Design and System Overview

This study employed a retrospective cohort design using clinical surveillance data
to develop and deploy a machine learning-based clinical decision support system
(CDSS) for Lassa fever triage. The proposed system integrates structured prepro-
cessing, supervised model training, temporal validation, and a web-based deployment
layer.

The deployment architecture shown in Figure 1 consists of a Flask REST API
that receives structured clinical inputs, performs model inference, and returns risk
categorization with feature-level explanations. The application is hosted in a cloud
environment and designed for browser-based access in resource-constrained settings.

01

Patient Input
(Browser UI)

02

Flask
REST
API

03

Preprocessing
Layer

04

Serialized
XGBoost
Model

05

Risk Band
+

Explanation

{ }
06

JSON
Response

07

UI
Display

Fig. 1 System architecture of the ML-based CDSS showing data flow and web integration.

3.2 Clinical Dataset and Cohort Definition

This study utilized a retrospective clinical surveillance dataset from Irrua Specialist
Teaching Hospital (ISTH), Nigeria, covering the period from January 2015 to Decem-
ber 2025. The dataset consisted of patients who were evaluated for suspected Lassa
fever and subsequently underwent laboratory confirmation. This surveillance setting
is appropriate for the development of a triage-oriented clinical decision support model
because it reflects the type of routinely available information collected at first clinical
contact, before confirmatory results are available.

The original dataset contained n = 31, 930 records prior to preprocessing. Records
with non-binary laboratory outcomes, including pending and rejected samples, were
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Table 2 Summary of model input features.

Feature Type Description

Age (years) Numeric Patient age harmonized into years

Days since onset Numeric Time between symptom onset and clinical
presentation

Fever Binary Presence of fever at presentation

Headache Binary Reported headache

Abdominal pain Binary Abdominal pain reported

Vomiting Binary Vomiting symptom

General weakness Binary Fatigue or malaise

Chest pain Binary Chest discomfort reported

Joint pain Binary Musculoskeletal pain

Nausea Binary Nausea reported

Diarrhoea Binary Gastrointestinal symptom

Difficulty breathing Binary Respiratory distress

Red eyes Binary Conjunctival injection

Jaundice Binary Yellowing of skin or sclera

Confusion/disorientation Binary Altered mental status

Seizure Binary Neurological seizure activity

excluded to ensure that the prediction target represented a clearly defined confirmed-
positive or confirmed-negative laboratory outcome. In addition, post-diagnostic vari-
ables were removed to prevent information leakage and to ensure that the model relied
only on variables that would be available at the time of initial clinical assessment.
After preprocessing, the final modeling dataset consisted of 31, 277 encounters, includ-
ing 3, 359 laboratory-confirmed positive cases, corresponding to an overall prevalence
of 10.74%.

The model input variables were structured to capture demographic characteristics,
temporal presentation information, and symptoms reported at first clinical contact. As
summarized in Table 2, these included numeric predictors such as age and days since
symptom onset, together with binary clinical indicators such as fever, headache, vomit-
ing, abdominal pain, general weakness, respiratory symptoms, jaundice, altered mental
status, and seizure. The inclusion of these variables reflects the intended deployment
context of the model, where rapid triage decisions must be supported using rou-
tinely collected clinical features rather than laboratory-dependent or post-diagnostic
information.

By restricting the input feature set to variables available before laboratory con-
firmation, the modeling framework was designed to approximate real-world use in
suspected Lassa fever triage. Therefore, the features listed in Table 2 provide the
basis for early risk estimation and case prioritization, while preserving the distinction
between triage support and definitive diagnosis.
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Table 3 Baseline characteristics of the modeling cohort.

Variable Negative (n = 27,918) Positive (n = 3,359)

Age, mean ± SD 29.54± 20.56 31.06± 17.75

Days since onset, median 4 6

Fever 77.87% 85.50%

Abdominal pain 35.24% 47.46%

Headache 47.22% 51.46%

3.2.1 Leakage Prevention

To ensure real-world deployability and prevent information leakage, variables that
would not be available at first clinical contact were excluded from the modeling
dataset. These included laboratory arrival timestamps, sample testing dates, specimen
type indicators, post-diagnosis clinical condition variables, and mortality indicators.
This exclusion was necessary because such variables may reflect information obtained
after laboratory processing or clinical progression, which would not be available at the
time of triage. Therefore, only demographic variables and symptom-level features doc-
umented at presentation were retained. If a variable existed solely because laboratory
testing had already occurred, it was excluded from model development.

3.2.2 Age Harmonization

Age was recorded inconsistently across the surveillance records, with some entries doc-
umented in years, months, or days. To standardize this predictor, all valid age entries
were harmonized into a single continuous variable, age years clean, using determin-
istic transformation rules. Records lacking valid age information across all available
age units were excluded from modeling. This harmonization improved consistency
across records, supported model stability, and preserved clinical interpretability by
representing age in a common unit.

Following preprocessing and harmonization, the baseline characteristics of the
final modeling cohort are summarized in Table 3. The positive cohort had a slightly
higher mean age than the negative cohort, while the median duration from symptom
onset to presentation was longer among confirmed positive cases. Several presenting
symptoms were also more frequent among laboratory-confirmed cases, including fever,
abdominal pain, and headache. These differences support the clinical relevance of the
retained presentation-level variables while reinforcing the importance of using only
pre-diagnostic information for triage-oriented prediction.

3.3 Data Preprocessing Pipeline

Data preprocessing focused on standardization, plausibility checking, and reproducibil-
ity. Symptom variables recorded in heterogeneous text formats were standardized to
binary encoding, with affirmative entries mapped to 1 and negative entries mapped to
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0. Unrecorded symptom fields were treated as missing rather than assumed negative
in order to avoid introducing bias into the model.

Missing data were primarily associated with incomplete symptom reporting in
clinical surveillance records. Symptom variables were recorded as binary indicators
when explicitly documented by clinicians. Missing symptom entries were initially pre-
served as missing values during preprocessing to avoid incorrectly assuming symptom
absence. During model development, binary symptom variables with clinically plausi-
ble absence patterns were encoded as 0, while remaining missing values were retained
where supported by tree-based ensemble methods such as XGBoost, which can inter-
nally manage missing splits during training. This approach balanced clinical realism
with model robustness while minimizing potential bias introduced through aggressive
imputation.

Overall missingness across key modeling variables was low and did not exceed
acceptable thresholds for tree-based machine learning methods. Days since symptom
onset were derived from reported onset and presentation dates. Implausible negative
durations and extreme values were treated as missing to avoid temporal bias. Age
values outside biologically plausible ranges were excluded. No laboratory-derived or
post-admission features were included in feature engineering.

Given the use of tree-based ensemble models, feature scaling was not required. Pre-
processing steps were implemented consistently across training and temporal testing
cohorts to prevent data leakage. Figure 2 summarizes the preprocessing workflow.

01

Raw Surveillance
Data

02

Leakage Variable
Removal

03

Age
Harmonization

04

Symptom
Encoding

05

Final Modeling
Matrix

Fig. 2 Data preprocessing workflow diagram.

3.4 Predictive Model Development

The prediction of Lassa fever was formulated as a supervised binary classification
problem using demographic characteristics and symptom-level information available
at the time of initial clinical assessment. Let the modeling dataset be defined as

D = {(xi, yi)}
N
i=1,

where
xi = [x1, x2, . . . , xm]T ∈ R

m

denotes the feature vector describing the ith patient encounter and

yi ∈ {0, 1}

represents the corresponding laboratory-confirmed outcome, with yi = 1 indicating a
confirmed Lassa fever case and yi = 0 otherwise.
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The objective was to learn a predictive function

f : Rm → [0, 1],

which estimates the posterior probability

p̂i = P (yi = 1 | xi),

thereby enabling probabilistic risk estimation rather than deterministic classification.
The predicted probabilities subsequently formed the basis for clinical risk stratification
within the deployed Clinical Decision Support System (CDSS).

Given the heterogeneous nature of symptom presentation and the absence of
explicit linear relationships between several clinical manifestations, a purely para-
metric modeling strategy was considered insufficient. Consequently, both linear
and ensemble-based learning algorithms were investigated to determine the most
appropriate hypothesis class for this prediction task.

Logistic Regression was adopted as the reference model because probabilistic linear
classifiers remain widely used in clinical risk prediction and provide directly inter-
pretable odds estimates against which the performance gains of ensemble learning
can be quantified. It models the conditional probability of disease using the logistic
function

P (y = 1 | x) =
1

1 + exp[−(β0 + βTx)]

where β0 denotes the intercept and β represents the vector of regression coefficients
estimated during model training. Owing to its probabilistic formulation and coefficient
interpretability, Logistic Regression remains widely adopted for clinical risk prediction
and provides a transparent benchmark for evaluating more complex machine learning
models. Nevertheless, its underlying assumption of linearity limits its ability to repre-
sent intricate interactions between clinical manifestations that frequently characterize
infectious disease presentations.

To overcome these limitations, ensemble tree-based methods were investigated.
Random Forest constructs an ensemble of independently trained decision trees using
bootstrap aggregation and random feature selection, with the final prediction obtained
through majority voting,

ŷ = mode{T1(x), T2(x), . . . , TK(x)}.

where Tk(x) denotes the prediction produced by the kth decision tree. This
ensemble strategy reduces estimator variance, improves generalization, and enhances
robustness to noise while naturally modeling complex non-linear relationships without
requiring explicit specification of feature interactions.

Gradient Boosting extends ensemble learning by sequentially constructing weak
learners that iteratively minimize the residual errors generated by preceding models.
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The additive prediction model is expressed as

FM (x) =

M
∑

m=1

γmhm(x).

where hm(x) represents the weak learner introduced at iteration m and γm denotes its
corresponding learning rate. Unlike Random Forest, which aggregates independently
constructed trees, Gradient Boosting progressively refines prediction performance by
focusing successive learners on observations that remain difficult to classify. This stage-
wise optimization enables improved representation of complex decision boundaries
frequently encountered in structured clinical datasets.

Building upon this framework, Extreme Gradient Boosting (XGBoost) was evalu-
ated as the principal candidate model owing to its regularized optimization framework
and computational efficiency. XGBoost minimizes the objective function

L(t) =

N
∑

i=1

l
(

yi, ŷ
(t−1)
i + ft(xi)

)

+Ω(ft),

where l(·) denotes the differentiable loss function and the regularization component is
defined as

Ω(f) = γT +
λ

2

T
∑

j=1

w2
j .

with T representing the number of terminal nodes and wj denoting the corresponding
leaf weights. The regularization term penalizes excessive model complexity, thereby
reducing overfitting while improving generalization to previously unseen data. Fur-
thermore, XGBoost incorporates second-order gradient optimization, sparsity-aware
split finding, automatic handling of missing values, and parallel tree construc-
tion, making it particularly suitable for large-scale retrospective clinical surveillance
datasets characterized by heterogeneous predictor variables and incomplete symptom
documentation.

The choice of tree-based ensemble methods was further motivated by the char-
acteristics of the modeling dataset. The retained predictors consisted primarily of
demographic variables and binary symptom indicators, collected during the patient’s
initial clinical assessment. Such variables frequently exhibit complex, non-linear inter-
actions that are difficult to model using conventional linear approaches. Moreover,
ensemble decision-tree methods impose minimal distributional assumptions, naturally
accommodate mixed data types, and maintain predictive robustness under moderate
levels of missing observations, thereby providing a practical modeling framework for
routine clinical surveillance data.

Model development was performed exclusively using the training cohort to pre-
serve the independence of the temporally separated validation and testing datasets.
Hyperparameter optimization was performed using stratified five-fold cross-validation
combined with grid search over the predefined hyperparameter space, ensuring that no
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information from future observations influenced model selection. All candidate mod-
els were trained using an identical feature set and consistent preprocessing pipeline to
facilitate objective comparison.

Given the intended role of the proposed CDSS as an early triage support tool
rather than a definitive diagnostic system, model selection was guided primarily by
clinical utility. In infectious disease surveillance, the consequences of failing to identify
an infected patient are substantially greater than those associated with unnecessary
referral for confirmatory laboratory testing. Consequently, the optimization objective
prioritized sensitivity, which may be conceptually expressed as

CFN > CFP .

where CFN and CFP denote the relative clinical costs of false-negative and
false-positive predictions, respectively. Candidate models were therefore compared
using threshold-independent discrimination measures, including the Area Under the
Receiver Operating Characteristic Curve (ROC-AUC) and the Area Under the Pre-
cision–Recall Curve (AUPRC), together with sensitivity, precision, F1-score, and
probability calibration. Emphasis was placed on maximizing case detection while
maintaining acceptable discrimination under temporally independent evaluation.

Following comparative analysis, XGBoost demonstrated the most favourable bal-
ance between predictive discrimination, sensitivity, computational efficiency, and
robustness under temporal validation. Consequently, the trained XGBoost model was
selected as the inference engine for the proposed CDSS and subsequently serialized
for integration into the web-based deployment framework described in Section 3.7.
During inference, patient-level demographic and symptom information is processed to
estimate the probability of laboratory-confirmed Lassa fever, which is subsequently
translated into clinically interpretable risk categories and accompanied by feature-level
explanations to support transparent clinical decision-making.

3.5 Temporal Validation Strategy

Following model development, a temporally independent validation strategy was
adopted to evaluate the generalizability of the candidate models under realistic
clinical deployment conditions. Unlike conventional random train–test partitioning,
which may introduce optimistic bias through temporal information leakage, the
study employed chronological partitioning to ensure that model evaluation reflected
prospective prediction on future patient encounters.

Let the complete surveillance dataset spanning 2015–2025 be represented as

D = Dtrain ∪Dval ∪Dtest,

with
Dtrain < Dval < Dtest

denoting the chronological ordering according to patient presentation date.
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The training cohort was used exclusively for model fitting and hyperparameter
optimization, whereas the validation cohort supported model selection. The final eval-
uation was performed using an independent temporal test cohort consisting of the
most recent surveillance records that were not accessed during model development.
This protocol ensured complete separation between model training and performance
assessment, thereby providing an unbiased estimate of predictive performance under
future deployment scenarios. Temporal validation is particularly important for infec-
tious disease surveillance because disease prevalence, reporting practices, and clinical
presentation may evolve over time. Consequently, evaluation on temporally sepa-
rated cohorts provides a more rigorous assessment of model robustness than randomly
partitioned datasets, particularly for deployment-oriented clinical decision support
systems.

Consistent with this expectation, laboratory-confirmed disease prevalence declined
from 11.49% in the training cohort to 6.07% in the independent temporal test cohort.
This prevalence shift created a challenging evaluation scenario that more closely
reflects operational deployment, allowing assessment of model stability under changing
epidemiological conditions.

3.6 Model Evaluation

Having established a temporally independent evaluation protocol, model performance
was assessed using discrimination, calibration, and clinically relevant operating char-
acteristics. Because the proposed CDSS produces probabilistic estimates rather than
deterministic diagnoses, evaluation emphasized metrics that characterize both ranking
performance and the clinical utility of probability-based risk stratification. Discrim-
ination was assessed using area under the receiver operating characteristic curve
(ROC-AUC) and area under the precision–recall curve (AUPRC), which are threshold-
independent and robust to class imbalance. While confusion-matrix metrics (e.g.,
sensitivity, precision, F1 score) were computed for reference under a predefined operat-
ing threshold, the primary deployment behavior of the CDSS is risk-band stratification
rather than binary classification. Accordingly, predicted probabilities were additionally
evaluated using three operational risk categories (Low, Moderate, High), reporting

1. the distribution of confirmed positives and negatives across bands,
2. band purity (percent positive within each band), and
3. capture/workload profiles (e.g., proportion of confirmed cases escalated to

Moderate/High versus proportion of non-cases escalated).

For operational deployment, the estimated probability pi was mapped to a three-
level clinical risk function R(p̂i), defined as

R(p̂i) =

⎧

⎪

⎨

⎪

⎩

Low risk, p̂i < 0.12,

Moderate risk, 0.12 ≤ p̂i < 0.155,

High risk, p̂i ≥ 0.155.

This transformation converted continuous model probabilities into clinically inter-
pretable categories intended to support graded escalation rather than definitive
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Table 4 Mathematical definitions of model evaluation metrics derived from the confusion matrix.

Metric Formula Interpretation

Accuracy
TP + TN

TP + TN + FP + FN
Overall correctness of the
model.

Recall (Sensitivity)
TP

TP + FN
Ability to correctly identify
actual positive cases.

Specificity
TN

TN + FP
Ability to correctly identify
true negative cases.

PPV (Precision)
TP

TP + FP
Proportion of true positives
among all positive
predictions.

NPV
TN

TN + FN
Probability that predicted
negatives are truly negative.

F1-Score
2(Precision× Sensitivity)

Precision + Sensitivity
Balance between precision
and recall.

ROC–AUC Area under the ROC curve Measures overall class
separability across
classification thresholds.

diagnosis. Patients assigned to the Moderate- or High-risk categories were considered
candidates for enhanced clinical review, expedited confirmatory testing, or isolation
assessment, subject to clinician judgement and prevailing institutional protocols. The
probability thresholds were selected using the validation cohort to achieve progressive
enrichment of laboratory-confirmed cases across risk categories while maintaining a
clinically acceptable referral workload.

The Brier score was reported as an indicator of probability reliability, assessing how
well predicted probabilities align with observed outcomes without requiring post-hoc
calibration. Table 4 summarizes metric definitions.

Each metric plays a complementary role, because the proposed system is intended
for clinical triage support, conventional epidemiological measures including specificity,
positive predictive value (PPV), and negative predictive value (NPV) were also con-
sidered to improve interpretability for clinical audiences. Accuracy reflects overall
classification performance, whereas sensitivity is prioritized in triage contexts to reduce
the likelihood of missed high-risk cases. The F1 score balances sensitivity and precision
under class imbalance, and ROC AUC evaluates global discrimination capacity.

3.7 Model Serialization and Integration

Following comparative evaluation, the selected XGBoost model was prepared for
deployment through model serialization and integration within a lightweight service-
oriented architecture. A Flask-based REST API was implemented with structured
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endpoints including /api/predict for inference, /api/explain for feature-level contribu-
tion analysis, and /api/summary for dataset-level descriptive statistics.

This modular architecture enables clear separation between model inference and
user interface layers and supports maintainability under future retraining cycles.

3.8 Web Application Design

The trained model was integrated into a lightweight web-based clinical decision
support interface to enable real-time triage screening. As shown in Figure 3, the sys-
tem allows healthcare workers to input patient demographic information, symptom
indicators, and onset duration through a structured intake form.

LF
Lassa Fever Triage Decision Support
Screening tool • Not a diagnostic test

Patient Intake Dataset Insights

Patient Intake

Enter triage details and select symptoms observed.

Age (years)

20

Sex

Male

Days since onset

6

Use decimals for infants if needed (e.g., 0.25). If unknown, use best estimate based on history.

Symptoms

Weakness Fever

Cough Abdominal pain

Headache Chest pain

Nausea Vomiting

Diarrhoea Dyspnea

Catarrh Sore throat

Joint pain Red eyes

Jaundice Injection bleed

Nose bleeding Bleeding

Dark urine Bloody stool

Seizure Deafness

Eye pain Hiccups

Rash Unconscious

Confusion Chills

Assess Risk

Clinical note:This tool supports early triage screening using first-contact symptom data. Clinical judgment and confirmatory testing remain essential.

Fig. 3 Web-based triage interface for the Lassa fever CDSS.
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Upon submission, the backend model computes a risk score and assigns a risk band
of low, moderate, or high. The interface also provides directional explanations of the
most influential predictors contributing to the risk assessment.

The full source code, selected model, and deployment scripts are publicly avail-
able in an open-access repository [37] to facilitate reproducibility and transparency.
The deployed system can be accessed through the following web interface: https:
//lassa-triage-cdss.onrender.com. Figure 3 illustrates the deployed triage interface and
the output visualization presented to clinicians during screening. The interface allows
healthcare workers to input patient symptoms and demographic information, generat-
ing an interpretable risk score, risk-band classification, and model-driven explanatory
factors.

3.9 Interpretability and Clinical Transparency

To enhance transparency, model explanations were generated using additive feature
contribution analysis derived from the underlying XGBoost estimator. Feature-level
contributions were displayed within the web interface to support clinician review of
model reasoning.

Explanations were intended to provide directional insight into influential predictors
rather than causal inference. This design supports interpretability while maintaining
appropriate clinical caution. The most influential predictors included patient age, days
since symptom onset, fever, abdominal pain, and respiratory symptoms, which are
consistent with previously reported clinical characteristics of Lassa fever.

Figure 4 presents the global SHAP importance ranking derived from the trained
XGBoost model on the independent temporal test cohort. Age, days since onset, and
fever were the most influential predictors contributing to model output magnitude.
Although fever is a common presenting symptom of Lassa fever, its high prevalence
among both positive and negative febrile illnesses reduces its discriminatory impor-
tance within the model. In contrast, patient age and duration since symptom onset
provided greater separability between confirmed positive and negative cases, leading
to higher SHAP contribution rankings.

Figure 5 illustrates both the relative importance of predictors and the direction
of their contributions to the XGBoost model output. Features are ordered by their
overall SHAP impact, with age and days since symptom onset emerging as the most
influential predictors. Higher age values were generally associated with positive SHAP
values, indicating an increase in predicted risk among older patients. In contrast,
higher values for days since onset were more frequently distributed toward negative
SHAP values, suggesting that longer delays from symptom onset to presentation were
associated with lower predicted risk in the fitted model, while shorter durations tended
to contribute more positively to risk prediction.

Several symptom variables also contributed to model predictions, although with
smaller magnitudes than age and days since onset. Fever, general weakness, abdomi-
nal pain, difficulty in breathing, diarrhoea, red eyes, and passing coke-coloured urine
showed positive contributions for some patients, which indicates that their presence
increased predicted risk in specific clinical profiles. The spread of SHAP values across
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these features suggests that the model relied on combinations of demographic, tem-
poral, and symptom-level information rather than a single dominant clinical sign.
Importantly, these SHAP patterns should be interpreted as model-derived associations
rather than causal relationships.

3.10 Ethical and Security Considerations

This study utilized retrospectively collected and de-identified clinical surveillance data
obtained from Irrua Specialist Teaching Hospital (ISTH), Nigeria. Ethical approval
for the study was granted by the Institutional Research Ethics Committee of Irrua
Specialist Teaching Hospital under approval number ISTH/HREC/20261505/887.

All patient records were anonymized prior to analysis, and no personally identi-
fiable information was included in the modeling dataset. The study complied with
applicable institutional and national guidelines governing the use of retrospective
clinical data for research.

The deployed system uses encrypted HTTPS communication. The interface
includes a disclaimer clarifying that the tool supports triage decisions and does not
replace clinical judgment or laboratory confirmation.

The methodology defines a reproducible machine learning pipeline that integrates
XGBoost-based modeling with a web-accessible interface. The system emphasizes
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mean(|SHAP value|) (average impact on model output)

Age
Days since onset

Fever
Joint pain

General weakness
Sex

Abdominal pain
Nausea
Cough

Chest pain
Vomiting

Catarrh
Difficulty in breathing

Diarrhoea
Chills

Headache
Jaundice

Difficulty in swallowing/sore throat
Red eyes

Passing coke-coloured urine
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Fig. 4 Global SHAP feature importance plot showing mean absolute contribution of each feature
to model output on the temporal test set.
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sensitivity-oriented triage, transparency, and structured deployment within routine
clinical workflows.

4 Results and Discussion

This section presents the empirical performance of the proposed CDSS under tem-
porally separated evaluation. The results are reported for data distribution, model
comparison on the validation cohort, independent temporal test discrimination, oper-
ational risk-band stratification, decision curve analysis, interpretability, deployment
performance, and clinical implications.
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Fig. 5 SHAP summary beeswarm plot illustrating direction and magnitude of feature contributions
across individual test-set predictions.
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Table 5 Temporal split distribution.

Split n Positives Prevalence

Train 24, 466 2, 810 11.49%

Validation 3, 366 318 9.45%

Test 3, 260 198 6.07%

4.1 Data Distribution and Temporal Prevalence Shift

As shown in Table 5, the prevalence of laboratory-confirmed Lassa fever declined
progressively across the temporal data splits, from 11.49% in the training cohort to
9.45% in the validation cohort and 6.07% in the independent temporal test cohort.
This pattern indicates a marked reduction in the base rate of confirmed cases over
time, which is consistent with temporal variation in outbreak intensity and surveillance
dynamics. The independent test cohort therefore represents a more challenging and
clinically realistic evaluation setting, since the model was assessed under conditions
where confirmed cases were less frequent than in the data used for model development.

This prevalence drift is particularly important for interpreting the predictive per-
formance of triage-oriented models. As the proportion of positive cases decreases, the
number of false positives can have a greater influence on precision and positive predic-
tive value, even when sensitivity remains high. Consequently, the decline in prevalence
observed in the temporal test set provides a useful stress test for model robustness
and highlights the trade-off between missed-case reduction and false-positive burden.
This is especially relevant in suspected Lassa fever triage, where sensitivity-optimized
thresholds may be preferred for public health protection, but where lower disease
prevalence can reduce the practical efficiency of positive risk alerts.

4.2 Model Comparison on Validation Cohort

Four supervised classifiers were evaluated on the validation set to identify the model
most suitable for triage-oriented prediction of laboratory-confirmed Lassa fever. As
summarized in Table 6, the candidate models showed different trade-offs between
discrimination, sensitivity, and precision. Gradient Boosting achieved the highest vali-
dation AUC of 0.683 and the highest AUPRC of 0.163, indicating the strongest ranking
performance among the evaluated models. However, its sensitivity was substantially
lower at 0.676, which suggests that it would miss a larger proportion of confirmed
cases under the validation threshold used.

Logistic Regression achieved the highest sensitivity of 0.996, which indicates near-
complete case detection on the validation set. However, this was accompanied by lower
discrimination, with an AUC of 0.634 and an AUPRC of 0.137, as well as the lowest
precision of 0.094. This pattern suggests that although Logistic Regression was highly
sensitive, it achieved this by classifying a large number of suspected cases as positive,
which would increase the false-positive burden in a clinical triage setting.
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Table 6 Validation performance of candidate models.

Model ROC–AUC AUPRC Sensitivity Precision

Logistic Regression 0.634 0.137 0.996 0.094

XGBoost 0.656 0.158 0.952 0.102

Gradient Boosting 0.683 0.163 0.676 0.145

Random Forest 0.616 0.135 0.575 0.129

XGBoost provided a more balanced performance profile. Although its AUC of
0.656 was lower than that of Gradient Boosting, it maintained high sensitivity at
0.952 while achieving better precision than Logistic Regression. This combination was
considered more appropriate for the intended clinical use case, where the primary
objective is to minimize missed cases without excessively compromising discrimination
and precision–recall stability. Therefore, XGBoost was selected as the final candidate
model for independent temporal testing.

4.3 Independent Temporal Test Performance

The selected XGBoost model was evaluated on a strictly independent temporal test
set, which represented the most recent surveillance period and had the lowest observed
prevalence of laboratory-confirmed Lassa fever. An independent temporal test set
refers to a held-out cohort drawn from a later time period than the data used for
model training and validation. This means that the model was assessed on future-like
surveillance data that it had not encountered during development, rather than on a
randomly sampled subset from the same time period.

This evaluation strategy is important because clinical surveillance data often
change over time due to variation in outbreak intensity, healthcare-seeking behavior,
case definitions, reporting practices, and population characteristics. A temporal test
therefore provides a more realistic assessment of model generalizability than random
internal validation alone. It directly examines whether the model can retain useful pre-
dictive performance when deployed in a later surveillance period, where the underlying
prevalence and case mix may differ from those observed during model development.

As shown in Table 7, the model achieved an AUC of 0.664 and an AUPRC of 0.127
on the independent temporal test cohort. These results indicate moderate discrimina-
tion under temporal prevalence drift, which is notable because the model was tested
on data collected after the training and validation periods. The temporal test perfor-
mance therefore provides stronger evidence of real-world deployability than validation
performance alone, particularly for a triage-oriented system intended to support early
case prioritization under changing outbreak conditions.

The model maintained very high sensitivity on the temporal test set, correctly iden-
tifying 97.98% of laboratory-confirmed cases. This finding is important for the intended
triage application, where the primary clinical and public health objective is to mini-
mize missed suspected Lassa fever cases. However, this sensitivity-optimized operating
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Table 7 Independent
temporal test performance of
the uncalibrated XGBoost
model.

Metric Value

ROC–AUC 0.664

AUPRC 0.127

Sensitivity 0.9798

Precision 0.0621

Brier score 0.057

point was accompanied by low precision of 6.21%, which reflects the expected false-
positive burden in a low-prevalence screening context. Therefore, the model should be
interpreted primarily as a triage-support tool for early case escalation rather than as
a confirmatory diagnostic system.

The Brier score of 0.057 suggests a low average squared prediction error, but
this result should be interpreted cautiously because the temporal test cohort had a
low confirmed-case prevalence of 6.07%. In such settings, the Brier score can appear
favourable even when probability calibration is imperfect. Therefore, although the
uncalibrated XGBoost model demonstrated acceptable probability performance for
risk stratification, further calibration assessment would be required before interpreting
predicted probabilities as absolute individual risk estimates.

Such further assessment was conducted and reported in Figure 6, which presents
the ROC curve for the independent temporal test cohort. The curve remains consis-
tently above the diagonal reference line across most threshold ranges, indicating that
the model retained an ability to rank laboratory-confirmed cases higher than non-
confirmed cases despite temporal prevalence drift. The AUC of 0.664 reflects moderate
discrimination, which is clinically relevant in a syndromic surveillance setting where
early symptoms of Lassa fever may overlap with other acute febrile illnesses. Although
this level of discrimination is not sufficient for stand-alone diagnosis, it supports the
use of the model as a triage-support tool for prioritizing suspected cases for further
clinical review, confirmatory testing, and escalation.

Figure 7 presents the precision–recall curve for the same temporal test cohort.
Given the baseline prevalence of 6.07%, the observed AUPRC of 0.127 represents
approximately twofold enrichment over random classification. This indicates that the
model provides meaningful prioritization of higher-risk suspected cases, even though
the absolute precision remains limited by the low disease prevalence. These discrimina-
tion characteristics support the use of probability-based stratification into operational
risk bands, as examined in Section 4.4.
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Fig. 6 ROC curve for the independent temporal test set.
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Fig. 7 Precision–recall curve for the independent temporal test set.

4.4 Risk-Band Stratification Performance

Rather than relying exclusively on a single binary operating threshold, the predicted
probabilities were grouped into three operational risk categories to support graded
clinical triage:

1. Low Risk: < 0.12;
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Table 8 Risk-band stratification on the independent temporal test set (n = 3,260).

Risk Band Total
Patients (n)

Confirmed
Positives (n)

Positivity
Rate

% of All
Positives
Captured

Low (< 0.12) 2,368 93 3.93% 46.97%

Moderate
(0.12–0.155)

519 45 8.67% 22.73%

High (> 0.155) 373 60 16.09% 30.30%

Moderate + High 892 105 11.77% 53.03%

2. Moderate Risk: 0.12–0.155;
3. High Risk: > 0.155.

These cutoffs were selected to enable progressive case escalation within routine
clinical workflow, rather than to provide a definitive diagnostic classification. This
approach is appropriate for a triage-oriented decision support system, where predicted
risk can be used to prioritize further clinical review, laboratory confirmation, isolation
precautions, or public health notification depending on available resources and local
protocols.

As shown in Table 8, risk-band stratification on the independent temporal test
set demonstrated clear enrichment of laboratory-confirmed Lassa fever cases across
increasing probability bands. The positivity rate increased from 3.93% in the Low-
risk group to 8.67% in the Moderate-risk group and 16.09% in the High-risk group.
This monotonic increase supports the validity of the model’s probability-based rank-
ing, since patients assigned to higher risk bands had progressively higher observed
confirmation rates.

Table 8 also shows that the High-risk group contained only 373 patients, repre-
senting 11.44% of the temporal test cohort, yet it captured 30.30% of all confirmed
positives. Similarly, the combined Moderate- and High-risk groups included 892
patients, representing 27.36% of the cohort, but captured 53.03% of all confirmed
cases. This indicates that the model was able to concentrate a substantial proportion
of confirmed cases within a smaller subgroup of patients, which is operationally useful
for prioritizing scarce diagnostic and clinical resources.

At the same time, Table 8 indicates that 46.97% of confirmed positives remained
in the Low-risk group. Therefore, the Low-risk category should not be interpreted as
excluding Lassa fever, particularly in a high-consequence infectious disease setting.
Instead, the risk bands should be used as decision-support categories that complement
clinical judgement, epidemiological exposure assessment, and confirmatory laboratory
testing. These findings support the use of probability-based stratification as a practical
triage layer for identifying patients who may require earlier escalation while preserving
awareness that low predicted risk does not eliminate the need for continued clinical
vigilance.
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4.5 Decision Curve Analysis

Decision curve analysis (DCA) was conducted to evaluate the potential clinical utility
of the proposed triage model across a range of decision thresholds. DCA estimates
the net benefit of using a predictive model compared with two baseline strategies:
treating all patients as suspected cases or treating none. This framework is particularly
appropriate for infectious disease triage, where the clinical objective is to balance early
case detection against the operational burden of unnecessary isolation or confirmatory
testing.

Figure 8 illustrates the decision curve for the XGBoost model on the independent
temporal test cohort. The model demonstrates greater net benefit than both treat-all
and treat-none strategies at low threshold probabilities, particularly between approx-
imately 0.01 and 0.06. This range corresponds to conservative screening thresholds
appropriate for outbreak surveillance contexts where minimizing missed cases is a
priority.

At higher thresholds, the net benefit approaches zero as the relative number of
false-positive classifications increases under the low disease prevalence observed in
the temporal test cohort. Nevertheless, the presence of a threshold range where the
model outperforms baseline strategies indicates that the proposed system may provide
clinically meaningful decision support when applied as an early triage tool.

These findings complement the discrimination metrics reported in Section 6 and
the operational risk-band stratification results in Section 4.4, further supporting the
potential utility of the model within real-world Lassa fever surveillance workflows.
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Fig. 8 Decision curve analysis for the Lassa fever triage model.
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4.6 Interpretability Analysis

To improve transparency and clinical interpretability, the deployed system provides
feature-level explanations for each prediction. The interface displays the most influen-
tial factors contributing to the estimated risk score using additive feature contribution
analysis derived from the gradient boosting model. This allows clinicians to identify
which symptoms increase or decrease predicted risk for an individual patient.

Figure 9 shows an example high-risk prediction generated by the deployed CDSS.
The system reports a risk score of 61.2% and identifies the most influential predictors
contributing to the risk estimate. In this example, conjunctival injection, also recorded
as red eyes, and generalized weakness increased the predicted risk, while abdominal
pain and chest pain contributed negatively to the final prediction. The explanation
interface enables clinicians to understand how symptom combinations influence the
model’s triage decision.

4.7 Deployment and Operational Performance

The final XGBoost model was serialized and deployed within a Flask-based web
application architecture. RESTful endpoints provide structured JSON responses,
including risk probability and feature-level contribution explanations derived from
model internals.

High Risk Risk Score61.2%
0–100 screening scale

Low High
Immediate clinical review recommended. Consider isolation and confirmatory testing as per protocol.

Why this result?
Top drivers from the XGBoost base model (directional explanation).

RED Eyes increases risk 1.14522

General Weakness increases risk 0.24418

Abdominal Pain decreases risk -0.1677

Chest Pain decreases risk -0.11187

Days since onset increases risk 0.10111

Passing Out Of Coke Coloured Urine decreases risk -0.09413

Age decreases risk -0.07907

Fever increases risk 0.06191

Note: This is a triage support tool, not a diagnostic classifier. Always follow local infection prevention and testing protocols.

Fig. 9 Snapshot of a high-risk prediction generated by the deployed clinical decision support inter-
face.
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Deployment testing confirmed stable inference, consistent outputs across ses-
sions, and sub-second response latency. The system operates through standard web
infrastructure without reliance on specialized hardware, supporting scalability in
resource-constrained clinical environments.

4.8 Discussion

The results demonstrate that probability-based risk stratification provides clinically
meaningful separation despite declining disease prevalence across temporal splits.

4.8.1 Interpretation of False Positives in a Triage Framework

The sensitivity-oriented design resulted in a substantial number of false-positive clas-
sifications, which is reflected by modest precision in the independent temporal test
cohort. This outcome is expected in low-prevalence surveillance settings, particularly
when operating under thresholds selected to minimize missed cases.

Within a triage context, false positives represent precautionary escalation for
confirmatory laboratory testing rather than definitive diagnostic misclassification.
The operational cost of false negatives in haemorrhagic fever outbreaks includes
delayed isolation, continued transmission, and potential clinical deterioration, which
is considerably higher than the cost of additional confirmatory testing.

Therefore, the observed trade-off between sensitivity and precision is deliberate
and consistent with outbreak containment priorities. Precision must be interpreted in
light of declining prevalence over time and the screening-oriented role of the system.

4.8.2 Operational Implications of Risk Stratification

Structured risk stratification enables graded clinical response rather than binary
decision-making. Patients categorized as High Risk may warrant immediate isola-
tion and confirmatory testing, Moderate Risk may prompt enhanced monitoring and
expedited laboratory evaluation, while Low Risk supports routine surveillance with
safety-netting instructions.

This tiered design improves workflow integration and resource allocation compared
with single-threshold classification. Importantly, monotonic enrichment of confirmed
cases across bands supports the validity of the underlying probability ranking, even
in the presence of class imbalance and prevalence drift.

By aligning output with actionable clinical categories rather than raw probabil-
ity values, the system enhances interpretability and usability in resource-constrained
settings.

4.8.3 Comparative Context

Compared with previously published Lassa fever prediction models, the present work
emphasizes deployment readiness, temporal validation under epidemiological drift,
and operational risk stratification rather than solely algorithmic optimization. While
discrimination metrics are moderate, performance must be interpreted in the context
of highly imbalanced surveillance data and declining prevalence.
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The system is explicitly optimized for triage sensitivity and public health contain-
ment rather than diagnostic certainty. This positioning aligns performance objectives
with clinical workflow realities in endemic settings.

4.8.4 Comparison with Conventional Triage Approaches

In many endemic settings, initial triage of suspected Lassa fever relies primarily
on symptom-based clinical judgment supported by general case definitions. These
approaches typically emphasize the presence of fever and other non-specific symptoms
such as headache, malaise, and gastrointestinal complaints. However, such rule-based
screening strategies may lack sensitivity and fail to capture complex interactions
among demographic factors, symptom combinations, and presentation timing.

The machine learning framework presented in this study does not replace clini-
cian judgment but augments early triage decisions by synthesizing multiple clinical
variables simultaneously. By ranking patients according to predicted risk and stratify-
ing them into operational risk bands, the system supports more structured escalation
decisions, including prioritization for isolation and confirmatory laboratory testing.

Compared with static rule-based triage criteria, the model dynamically incor-
porates patterns observed across a decade of clinical surveillance data, which may
improve early case identification in complex clinical presentations. This capability
may be particularly valuable in resource-constrained settings where frontline clinicians
must rapidly evaluate large numbers of patients during outbreak periods.

4.8.5 Discussion Summary

Under independent temporal evaluation, the XGBoost model achieved near-complete
case detection while maintaining acceptable probability reliability, as indicated by
the Brier score. The principal trade-off is reduced precision, which is a predictable
outcome in low-prevalence screening contexts. When integrated within a workflow that
includes confirmatory laboratory testing, the system supports early identification and
containment of suspected cases.

These findings demonstrate the feasibility of a sensitivity-optimized, deployment-
ready AI triage support system built on real-world clinical surveillance data.

5 Conclusion

In this paper, a triage-oriented clinical decision support system has been developed,
validated, and deployed for suspected Lassa fever using retrospective surveillance
data from Irrua Specialist Teaching Hospital, Nigeria, covering the period 2015–2025.
The proposed system integrates an XGBoost-based machine learning model within
a lightweight Flask web architecture to support early case escalation in resource-
constrained clinical environments. Rather than replacing laboratory confirmation or
clinical judgment, the system is designed to assist frontline triage by identifying
patients who may require closer monitoring, isolation, or confirmatory testing.

Under temporally separated evaluation, the selected XGBoost model maintained
high sensitivity despite prevalence drift, with disease prevalence declining from 11.49%
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in the training cohort to 6.07% in the independent temporal test cohort. The
model achieved near-complete case detection, acceptable probability reliability, and
deployment-ready inference performance through a browser-accessible interface. The
modest precision observed in the temporal test cohort reflects the expected trade-
off of sensitivity-optimized screening in a low-prevalence setting, where false positives
represent precautionary escalation rather than definitive diagnostic error.

The study contributes a temporally validated, sensitivity-oriented, interpretable,
and web-deployable AI triage framework for infectious disease surveillance. How-
ever, its single-center retrospective design, restricted symptom-level feature space, and
absence of prospective clinical evaluation limit immediate generalizability. Future work
will focus on external multi-center validation, adaptive thresholding under changing
outbreak conditions, cost–benefit and decision-curve evaluation, interoperability with
health information standards such as HL7 FHIR, and prospective workflow trials to
assess real-world impact on case detection, isolation practices, and resource allocation.
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