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Al in epidemic response, with particular emphasis on its application to Lassa fever.
The review begins by analyzing the disease’s epidemiology and transmission patterns,
laying the groundwork for understanding Al-driven approaches. Key Al technologies
such as machine learning, deep learning, and natural language processing are
examined for their impact on surveillance, diagnostics, and treatment innovation.
Successful implementations include predictive models for outbreak identification

and enhanced vaccine research. However, the integration of Al in epidemic contexts
continues to face challenges, including insufficient epidemiological data, high
computational requirements, and difficulty incorporating Al within existing healthcare
infrastructures. These issues are particularly pronounced in the management of

Lassa fever, where data limitations and disease variability add layers of complexity.
Existing reviews fail to adequately address the latest Al advances in this domain,
particularly in relation to implementation challenges, global trends, and emerging
concerns. This gap is addressed by offering a comprehensive overview of Al-driven
techniques, ongoing developments, and practical solutions tailored to Lassa fever
control and prevention. Ultimately, this review champions an inclusive Al framework
that improves preparedness and adaptability in the response to epidemics. By
extrapolating insights from Lassa fever, it provides a strategic guide for stakeholders,
scientists, healthcare professionals, and policymakers, seeking to take advantage of Al
to strengthen public health resilience and epidemic management.
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1 Introduction

Population growth in Africa is expected to rise significantly between 2015 and 2050
[1], and with it, the threat of communicable diseases like Lassa fever, Ebola, and other
viral hemorrhagic fevers is expected to grow. Although efforts and funding have been
directed toward controlling these diseases, much still remains to be done. Many public
health systems continue to face inefficiencies, which can lead to more lives being lost
and diseases spreading faster.

Specifically, Lassa fever is a serious hemorrhagic illness caused by a ribonucleic acid
(RNA) virus from the Arenaviridae family. It is a zoonotic disease, meaning it is trans-
mitted from animals to humans, mostly through contact with rodents such as Masto-
mys natalensis (multimammate rats). Infection often occurs when people are exposed to
urine or feces from these rodents, especially through contaminated food, broken skin, or
dirty surfaces. The disease can also spread from person to person through contact with
infected blood, urine, or other body fluids. While hospital-acquired infections and infec-
tions among healthcare workers are not common, they can happen when proper infec-
tion control measures are not followed [2—4].

Frequent outbreaks of Lassa fever have been reported in West African countries such
as Nigeria, Ghana, Benin, Mali, Liberia, Guinea, and Sierra Leone [5, 6]. The disease con-
tinues to place a heavy burden on these populations, with high rates of illness and death.
According to the World Health Organization (WHO), between 100,000 and 300,000
cases occur each year, resulting in around 5000 deaths [2]. In Nigeria alone, by the end
of 2024, 214 deaths were recorded among 10,098 suspected cases, with 1309 confirmed.
The case fatality rate (CFR) was 16.3% in 2024, compared to 17.9% in 2023 [3, 7].

The incubation period for Lassa fever is between 6 and 21 days. In its early stages,
the disease often looks like other common fevers, which makes it hard to diagnose.
Symptoms may include fever (> 38°C), muscle pain, sore throat, nausea, vomiting, and
discomfort in the chest or abdomen [3]. These symptoms can range from mild to very
severe, including bleeding and organ failure. Because of this wide range of symptoms,
diagnosis can be difficult without a strong level of clinical suspicion, especially in people
who live in or have recently returned from affected areas [6, 8, 9]. Laboratory confirma-
tion is usually done through reverse transcription polymerase chain reaction (RT-PCR)
testing to detect the virus’s RNA in a blood sample, following standard case definitions.

Furthermore, the immune response to Lassa virus infection is complex, involving
both cellular and humoral components, yet protective immunity remains only partially
understood, contributing to recurrent outbreaks and reinfections in endemic regions.
While neutralizing antibodies are detectable in some patients, robust T-cell responses
appear more critical for viral clearance and long-term protection [10, 11]. This uncer-
tainty complicates the identification of reliable correlates of immunity. The Lassa virus
is also a genetically diverse arenavirus with multiple distinct lineages circulating across
West Africa, particularly in Nigeria, Sierra Leone, Liberia, and Guinea. This extensive
genetic variability complicates the development of broadly protective therapeutics and
vaccines, as antigenic drift can reduce neutralization efficacy and diagnostic precision.
Consequently, vaccine development efforts, including vector-based platforms, DNA vac-
cines, and recombinant proteins are ongoing, yet no licensed vaccine currently exists,
largely due to antigenic variability and limited understanding of protective immune

mechanisms [12].
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Another major challenge in controlling Lassa fever is the lack of strong disease surveil-
lance and early detection systems. Without early warning, it becomes harder to control
outbreaks, and response efforts are delayed. These delays often result in more suffering
and more deaths. In many places, the process of reporting cases through the integrated
disease surveillance and response (IDSR) system takes too long, which makes timely
intervention difficult [13].

To this effect, artificial intelligence (AI) is now being seen as a powerful tool in public
health. It allows machines to simulate human thinking, understand language, recognize
patterns, make decisions, and learn from experience [14, 15]. Al includes technologies
such as machine learning (ML), neural networks, natural language processing (NLP),
robotics, and expert systems. Its strength lies in its ability to analyze large datasets
quickly and produce useful insights, which can greatly improve how we prepare for and
respond to epidemics [16—18]. When Al is used in the fight against Lassa fever, it offers a
chance to reduce the disease’s impact, save lives, and protect communities.

As Al and pandemic research continue to evolve, it is important that recent develop-
ments are reviewed and understood. Many existing studies do not provide a complete
overview of how Al is being used, the innovations being introduced, and the limitations
being faced. This article addresses that gap by offering a detailed review of how Al is
applied in managing Lassa fever. The focus is placed on machine learning models, recent
technological advances, practical challenges, and possible solutions. By exploring the
role of Al in this area, this article aims to highlight the current state of the field and
suggest areas for future research. Thus, the main contributions of this review are sum-
marized as follows:

1. A detailed review of Al methods used in Lassa fever management is provided. This
includes key areas such as machine learning, current innovations, implementation
challenges, and strategies for dealing with ongoing and future issues. The latest trends
and potential research directions are also discussed.

2. The integration of Al technologies in Lassa fever response efforts is explored, with a
focus on how they are being used to lower disease transmission and improve outbreak
control.

3. The key limitations of current Al approaches are discussed, particularly in terms of
scalability, efficiency, and how well they meet user needs in public health settings.

The structure of this article is as follows: Section 2 reviews related reviews and distin-
guishes this work from existing literature. Section 3 details the methodological frame-
work used in this study. Section 4 provides an overview of Al-based interventions in
Lassa fever management, while Section 4.7 discusses applications in disease control and
treatment optimization. Section 4.8 highlights practical Al use cases in broader pan-
demic management. Section 5 focuses on performance limitations and their potential
resolutions, followed by Section 5.2, which explores ongoing and future research efforts.
Finally, Section 6 concludes the paper.

2 Related review articles

Artificial intelligence (AI) has transformed epidemic preparedness and response by
improving the speed, precision, and scope of data analysis. Its applications now span
early outbreak detection, clinical diagnosis, drug discovery, and large-scale surveillance.
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A growing body of literature demonstrates how machine learning (ML), deep learning
(DL), and natural language processing (NLP) models have accelerated disease intelli-
gence during crises such as COVID-19, Ebola, and influenza. Despite these advances,
comprehensive reviews that systematically assess Al’s role in the context of Lassa fever
remain limited. The present section therefore positions this study within the broader
landscape of Al-driven epidemic research, identifies existing knowledge gaps, and clari-
fies how this review extends prior work.

2.1 Review of existing literature

Table 1 summarises representative review papers addressing Al techniques in epidemic
prediction, detection, and management. Earlier works, such as Ajagbe et al. [19] and
Zeng et al. [20], examined Al frameworks for COVID-19 and other respiratory pan-
demics, emphasising computer-vision and time-series models but not haemorrhagic
fevers. Reviews like Madueme et al. [21] and Samson et al. [22] introduced mathemati-
cal and ML models for Lassa fever, whereas Ibrahim et al. [23] explored algorithmic
principles underlying Naive Bayes, logistic regression, support vector machine (SVM),

Table 1 Related review papers

Ref Year Main focus Specific details
[19] 2024 Analysis of 45 papers on deep e Convolutional Neural Networks (CNN)
learning techniques for pan- e Deep Learning and Machine Learning
demic detection and prediction e Internet of Things (IoT)
[26] 2024 Overview of Al'in combating e Impact of Al integration in Sub-Saharan Africa
healthcare challenges in Africa e Challenges in Al health technology
e Emerging trends in Al-driven healthcare
[21] 2024 Mathematical models for Lassa o Review of five categories of mathematical models
fever e Challenges identified: model heterogeneity, data
quality, and gaps in understanding transmission and
intervention dynamics
[22] 2023 Machine learning algorithms for e Medium Gaussian SVYM
Lassa fever e Ensemble Boosted and Bagged Trees
e Exponential Gaussian Process Regression (GPR)
271 2023 Detection and diagnosis of e Focus on viral haemorrhagic fevers
Lassa fever using Bayesian Belief e Prediction using supervised ML and Bayesian networks
Networks
[24] 2023 Advances in Al for infectious- e Adoption of Al
disease surveillance e Data source, volume, and quality
e Limitations and challenges
[25] 2023 Computational approaches to e Use of bioinformatics and molecular pipelines
prevention and surveillance of e Statistical models including Bayesian and forest
Lassa fever methods
[16,28] 2022 Pandemic prediction models e Fuzzy logic
e SVM and neural networks
[23] 2021 Role of ML algorithms in disease @ Pros and cons of Naive Bayes, logistic regression, SVM,
diagnosis and CNN
[20] 2021 Application of Al-enabled public- e Data sources for computational model development
health surveillance e Use of ML in disease simulation and prediction
[29] 2020 COVID-19, Al, and big data e Evaluation of CNN accuracy of 93.3% on 13,975 images
[30] 2020 Application of deep learning and e Benefits of DL and ML for large-scale health data
ML in healthcare analysis
[31] 2019 Societal issues of Al in medicine e Legislation, interpretability, ethics, and fairness
[32,33] 2019,  Alforepidemic trend prediction e Use of generative adversarial networks for epidemic-
2023 trend forecasting
[34] 2018 Review of Lassa-fever outbreaks e Epidemiological profile, determinants, and public-

in Nigeria

health response
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and convolutional neural networks (CNNs) for general disease detection. More recent
surveys [24—26] reviewed computational or public-health approaches to epidemic sur-
veillance in Africa but offered only passing references to Lassa fever. Collectively, these
studies reveal a strong emphasis on respiratory or vector-borne diseases while highlight-
ing a clear shortage of focused analyses on viral haemorrhagic fevers.

2.2 Focused examples of Al in epidemic management

To contextualise AI's evolving role, Table 2 presents a comparative feature analysis of
prior reviews, highlighting their thematic coverage and methodological emphasis. Exist-
ing surveys have extensively examined machine-learning techniques for COVID-19,
Ebola, and influenza but seldom for Lassa fever. Most emphasised algorithmic perfor-
mance, architecture, or ethics without linking these to disease-specific data challenges
such as scarcity, quality, and geographic bias. Only a few studies, particularly those
by Madueme et al. [21], Samson et al. [22], and Maclntyre et al. [27], have explicitly
explored Al in the context of viral haemorrhagic fevers, identifying major research gaps

in feature selection, benchmarking, and multimodal fusion.

2.3 Summary of identified gaps

In summary, the literature on Al in epidemic control reveals extensive progress in
model development but limited synthesis of how these advances translate to Lassa-fever
research. Most prior reviews concentrate on algorithmic performance or general public-
health surveillance without discussing contextual barriers such as scarce datasets, data
heterogeneity, and ethical governance in endemic regions. By integrating lessons from
broader epidemic AI research and explicitly addressing these neglected areas, the pres-
ent review fills a unique gap and provides a unified framework for applying artificial-
intelligence techniques to Lassa-fever monitoring, diagnosis, and intervention.

3 Review methodology
This section describes the methodological framework adopted for this review, based on
the procedures outlined in [45-47]. A step-by-step illustration is presented in Fig. 1. The
process began by acknowledging the expanding role of Al in tackling a broad range of
global health challenges. Accordingly, we constructed guiding research questions, select-
ing specific terms associated with Al and health to support a focused literature search.
A structured strategy was then implemented to identify, screen, and select pertinent
literature. This involved evaluating and synthesizing the extracted studies and report-
ing the synthesized outcomes accordingly. The review followed the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) guidelines, which promote
consistency and transparency in reviewing and reporting scientific evidence. PRISMA
provides a well-established structure for documenting systematic reviews and meta-
analyses [48-50]. Additional methodological procedures are elaborated in the sections
that follow.

3.1 Literature review questions

To effectively investigate the role of Al in addressing Lassa fever, it is crucial to first
understand its key components. Accordingly, we carried out an initial review of scholarly
literature aimed at identifying prior reviews focused on Al applications for pandemic
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response. This section outlines the findings of that review. Although various related
works exist, we observed limited comprehensive coverage on three major themes: Al
system architectures suited for deployment, recent advances in Al technologies, and
robust security frameworks for Al applications. These observed gaps shaped the devel-
opment of the following core research questions:

1. Which AI algorithms have shown the most promise for predicting Lassa fever
outbreaks using historical and real-time data?

2. How can Al-based models support the identification of high-risk zones for Lassa fever
transmission?

3. What data types (e.g., clinical, environmental, socio-economic) are essential for
building reliable Al-driven surveillance systems for Lassa fever?

4. What approaches can ensure the integrity and consistency of datasets used for training
and validating AI models?

5. How can heterogeneous data sources (e.g., medical records, geospatial imagery) be
integrated into a cohesive Al-powered surveillance framework?

6. What are the practical considerations for embedding Al-based surveillance solutions
into existing public health infrastructures?

7. Inwhatways can Al models be optimized for use in resource-constrained environments
with limited computing capacity and network access?

8. What ethical principles should be considered when deploying Al systems for public
health surveillance of Lassa fever?

9. Which performance metrics are most appropriate for assessing the effectiveness of Al
models in Lassa fever monitoring?

10.What unresolved challenges and emerging opportunities exist in enhancing Al-based
solutions for pandemic preparedness and response?

Following the formulation of these questions, a second-stage literature review was con-
ducted to assess whether these topics had been sufficiently explored and synthesized
in existing review literature. Upon discovering that many of these questions had either
been underexplored or not addressed, we proceeded to the article selection and screen-
ing phase.

3.2 Search and selection strategy

To ensure comprehensive coverage, the selection of articles was guided by well-defined
criteria focusing on studies related to pandemics, epidemics, artificial intelligence (Al),
and Lassa fever. Below is a summary of the process used to identify the final set of
reviewed publications:

1. A comprehensive literature search was conducted across multiple databases to ensure
broad coverage of both biomedical and computational research relevant to artificial
intelligence applications for Lassa fever. Scopus was prioritized for its extensive
interdisciplinary indexing and citation analytics, while IEEE Xplore and the ACM
Digital Library provided focused access to studies in engineering, computing, and
machine learning. PubMed and the NCBI databases (including GenBank and GEO)
were consulted to identify biomedical, genomic, and transcriptomic studies related to
Lassa virus biology and diagnostics. Web of Science was used to retrieve high-impact
epidemiological and cross-disciplinary research, while MDPI and SpringerLink
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Fig. 1 Flow process of the review methodology [45]

offered access to open-access, peer-reviewed literature. Finally, Google Scholar served
as a complementary source for cross-verification, capturing preprints, reports, and
recently indexed materials not yet archived in traditional databases.

2. Based on an initial scoping review, key search phrases such as 'Artificial Intelligence;
‘Lassa fever; ‘Machine Learning, 'Disease Detection, "Epidemic Forecasting, 'Deep
Learning, and 'Security’ were identified. Boolean logic operators (“AND’, “OR”) were
applied to refine and optimize the search queries.

3. These keyword-based queries were executed across all selected repositories to gather
a broad and relevant document base.

4. The search initially produced over 22,000 articles. We narrowed this pool using a
20-year publication window and keywords like but not limited to ‘Al ‘Pandemic, and
‘Lassa fever. Manual screening was applied to shortlist candidate studies of potential
relevance.

5. These shortlisted articles were further analyzed to determine their distinctiveness, as
discussed in Section 2. Final selection was based on a quality assessment, followed by

detailed reading and synthesis.

3.3 Evaluation and synthesis of information
To ensure the consistency and validity of the included literature, we applied specific
inclusion and exclusion benchmarks as described below.

3.3.1 Inclusion criteria

1. The study must be peer-reviewed and published in a reputable academic journal or
presented at a recognized scholarly conference.

2. The content must specifically address the use of Al in controlling or managing
pandemics.

3. The study must provide substantial discussion on the selected keywords, not just brief
mentions.

3.3.2 Exclusion criteria

1. Articles lacking full-text access were excluded from consideration.

2. Publications that merely listed keywords without substantive analysis were omitted.

3. Non-peer-reviewed sources such as preprints, reports, lecture slides, and proposals
were excluded due to insufficient scholarly rigor.

After initial filtering, we conducted a further quality assessment:

1. Relevance was scored using a structured evaluation checklist.

2. Eacharticle was cross-referenced with the research questions presented in Section 3.1.

3. A unified assessment protocol was applied to maintain consistency across all included
studies.

Page 8 of 43
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From the initial 250 documents, 171 met the criteria for final inclusion and were used to
support this review.

3.4 Article structuring and information presentation
Following the synthesis of topic-specific insights for each keyword and research objec-
tive, the structure of this article was organized as follows:

1. Using the PRISMA framework as a guide, the manuscript was organized into seven
major sections aligned with the research themes. Due to the lack of standalone results
or discussion sections in most studies, synthesized findings were integrated into each
section, with a final conclusion summarizing open challenges and future research
pathways.

2. The synthesized literature was grouped according to the research questions, with
each section evaluating strengths, limitations, and trends in the application of Al
techniques.

3. A final review of the manuscript was performed to ensure logical coherence and
alignment with the article’s goal of offering a structured overview of Al-driven
strategies in epidemic response, particularly Lassa fever.

This structured approach ensured clarity, relevance, and logical flow throughout the
paper, thus enabling a more effective presentation of AI’'s contributions to Lassa fever

management.

4 Alin Lassa fever management: Techniques, applications, case studies, and
databases

The emergence and spread of infectious diseases such as COVID-19, Ebola, Lassa fever,
and influenza pose substantial challenges that necessitate swift, coordinated, and scal-
able public health responses. These outbreaks often overwhelm health systems and high-
light the urgent need for technologies capable of real-time data analysis, forecasting, and
efficient resource planning. Al has become an essential enabler in this context, offering
advanced capabilities to detect, manage, and control infectious disease outbreaks effec-
tively [26]. Applications of Al in pandemic settings, including Lassa fever, extend across
fields such as epidemiology, clinical decision support, and public health administration,
contributing significantly to improved outbreak preparedness and response [20].

In the midst of an outbreak, rapid access to relevant data can determine whether con-
tainment is successful or if widespread transmission ensues. The authors in [29] noted
that Al systems are capable of processing large datasets with greater speed and accu-
racy than traditional analytical methods, enabling earlier detection of emerging patterns.
During the COVID-19 crisis, Al tools were widely employed to track virus dissemina-
tion by aggregating and analyzing information from heterogeneous sources, including
online media, news platforms, and official public health updates [51-53]. These real-
time analytical tools supported the identification of infection hotspots, monitored con-
tainment efficacy, and offered predictive insights to guide timely interventions. As such,
AT’s capacity for rapid pattern recognition, forecasting, and data-driven decision support
has made it indispensable in pandemic response strategies [52].

In the case of Lassa fever, researchers are applying Al-driven methods to develop
advanced diagnostic systems, early-warning tools, and data-informed treatment
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planning models. These systems incorporate techniques such as machine learning, deep
learning, and natural language processing to interpret diverse datasets, including elec-
tronic health records, genomic sequences, and diagnostic images [54—56]. Such capa-
bilities allow for timely disease detection, better surveillance accuracy, and optimized
clinical decision-making, ultimately strengthening overall public health resilience.

Fig. 2 provides a structured overview of various branches under Al, highlighting
five major domains: Machine Learning, Deep Learning, Natural Language Process-
ing, Bayesian Network and Probabilistic Models, and Expert Systems and Rule-Based
Approaches. Each domain is further categorized into specific techniques or models.
Machine Learning encompasses Supervised, Unsupervised, and Reinforcement Learn-
ing; Deep Learning includes networks such as CNNs, RNNs, Transformer Models, and
Hybrid Models; Natural Language Processing deals with tasks like Text Classification
and Machine Translation; Bayesian Networks and Probabilistic Models cover probabilis-
tic reasoning; while Expert Systems focus on rule-based decision-making. Notably, each
of these domains will be discussed in subsequent sections with focus on their role and

application in Lassa fever management.

4.1 Machine learning in Lassa fever management
Machine learning (ML), which is recognized as a subset of Al, has been regarded as a
transformative approach in epidemic management, including for diseases such as Lassa
fever. Through the use of large datasets and sophisticated algorithms, patterns and
insights that typically remain undetected by traditional analytical methods have been
identified [57, 58]. In the study by [59], both ML and Deep Learning techniques were
employed to control COVID-19, with AI being applied in areas such as case prediction,
diagnostic analysis, and treatment planning.

These technological capabilities have been harnessed to support enhanced surveillance
systems, improve forecasting models, accelerate drug discovery processes, and facilitate
effective contact tracing and epidemiological analysis. Furthermore, remote monitoring

A) Supervised Learning
B) Unsupervised Learning
C) Reinforcement Learning

Machine
Learning

A) Convolutional Neural Network
B) Recurrent Neural Network

C) Transformer Model

D) Hybrid Model

Deep Learning

Artificial
Intelligence

A) Bayesian Network

5 Bayesian Network and .
2 y B) Probabilistic Model

S Probabilistic Models

Fig. 2 Different Al techniques

Page 10 of 43
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and telemedicine solutions have been enabled by ML, allowing advanced healthcare
interventions to be extended even to resource-constrained settings [44, 60].

Through ML algorithms, systems have been enabled to learn from data, recognize
complex patterns, and make data-driven predictions without the need for explicit pro-
gramming [61]. The literature has documented extensive applications of ML techniques
in pandemic and disaster response efforts [41, 62—64]. In the case of Lassa fever, ML
has been considered pivotal for early diagnosis, outbreak forecasting [65—67], patient
monitoring, and the optimization of resource distribution [68-71]. ML algorithms are
typically categorized into supervised learning, unsupervised learning, and reinforcement
learning. In the following sections, the focus will be directed toward the application of
ML in the management of Lassa fever.

4.1.1 Supervised learning algorithms

Supervised learning is an approach in Al, commonly applied in the healthcare domain
for tasks such as disease classification, prognosis evaluation, and risk prediction. This
methodology is based on the use of labeled datasets, where both input variables and
their corresponding outcomes are predefined [72, 73]. Once trained, these models can
infer outcomes for previously unseen inputs, making them particularly valuable in deci-
sion-support tools for clinical environments.

These learning algorithms are suited for many predictive tasks, such as both classifi-
cation (e.g., identifying infection status) and regression (e.g., estimating recovery dura-
tion). Common supervised learning models include logistic regression, decision trees,
support vector machines (SVM), random forests, and deep neural networks. Additional
algorithms such as Naive Bayes, linear regression, K-Nearest Neighbors (KNN), and
Gradient Boosting Machines are also widely used, with each method offering unique
advantages depending on the data structure and clinical context [74, 75]. Table 3 out-
lines various supervised learning models and their specific roles in managing Lassa fever.

In Lassa fever management, supervised learning algorithms are particularly useful in:

1. Diagnosis prediction: ML models can be trained using comprehensive patient data,
including symptoms, medical history, and biomarkers, to estimate the likelihood
of Lassa fever infection. This helps healthcare providers make quick and informed
decisions, especially in regions with limited laboratory resources [82].

2. Prognosis monitoring: Post-diagnosis, machine learning models assist in tracking
disease progression and forecasting potential complications by analyzing patient
vitals and treatment responses. This predictive insight can guide clinicians in adjusting
treatment plans [83].

Table 3 Supervised ML algorithms in Lassa fever management

Supervised learning Description Use case for Lassa fever

algorithms

Logistic regression A basic classification algorithm used for binary outcomes Early diagnosis based on
(e.g., infected or not infected) [76-78] symptoms

Support vector ma- Classifies data points by finding the best boundary be- Classifying severity of

chines (SVM) tween classes [79] infection

Random forests Uses multiple decision trees to improve predictive Diagnosis and risk pre-
performance diction [80, 81]

Neural networks Learns complex patterns in data through layers of neurons  Predicting long-term

[74] prognosis based on vitals
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A typical workflow for applying a supervised learning algorithm to Lassa fever manage-
ment includes the following steps:

1. Input: Collect relevant patient data such as fever, bleeding, fatigue, and other clinical
indicators.

2. Feature extraction: Identify and select key features that are most indicative of Lassa
fever, which could include specific biomarkers, environmental factors, and symptom
patterns.

3. Model training: Train a machine learning model using a dataset comprising historical
patient records with known Lassa fever diagnoses [84].

4. Prediction: Apply the trained model to a new patient’s data to predict whether they
have Lassa fever and assess the likely severity of their condition.

5. Model improvement: Incorporate feedback from clinical use to continuously refine
and improve the model’s performance for greater accuracy and reliability.

Supervised learning’s ability to process large volumes of data and uncover patterns
makes it a powerful tool in advancing diagnostic and management strategies for Lassa
fever, contributing to faster response times and improved patient outcomes.

4.1.2 Unsupervised learning algorithms

Unsupervised learning refers to a category of machine learning that processes data
without predefined labels, aiming to identify hidden structures, patterns, or relation-
ships in the dataset. Unlike supervised methods, which depend on known input—output
pairs, unsupervised techniques work directly with unlabeled data to extract meaningful
insights. These approaches are particularly useful in tasks such as clustering, anomaly
detection, and exploring latent data structures that are not easily discernible through
manual analysis [57].

Some widely used algorithms in this category include K-Means, Hierarchical Clus-
tering, Principal Component Analysis (PCA), and t-Distributed Stochastic Neighbor
Embedding (t-SNE). Additional models such as Autoencoders, Association Rule Learn-
ing (e.g., Apriori), DBSCAN (Density-Based Spatial Clustering of Applications with
Noise), Gaussian Mixture Models (GMM), Self-Organizing Maps (SOM), and Latent
Dirichlet Allocation (LDA) are also prominent. These algorithms enable the discovery of
natural groupings and underlying relationships within complex datasets, often revealing
insights that do not depend on prior categorization. Table 4 presents a selection of key
unsupervised learning techniques and their roles in managing Lassa fever-related data.

In Lassa fever management, unsupervised learning has proven to be instrumental in:

1. Outbreak pattern discovery: Leveraging environmental and epidemiological data such
as temperature, rodent population metrics, and humidity levels, unsupervised learning
can identify geographical regions at an elevated risk for Lassa fever outbreaks. This

Table 4 Unsupervised ML algorithms in Lassa fever management

Unsupervised learning algorithms  Description Use case for Lassa fever

K-Means clustering Groups data into clusters based on  Identifying outbreak clusters
similarity [72, 85] based on environmental data

Hierarchical clustering Builds a tree-like structure of nested  Grouping patients by symptom
clusters [73, 86] severity

Principal component analysis (PCA) Reduces the dimensionality of data  Identifying key environmental

for easier visualization [87] factors contributing to outbreaks
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information is critical for preemptive public health measures and resource allocation
[58].

2. Symptom grouping: By analyzing patient data, unsupervised learning models can
identify clusters of symptoms that might represent distinct disease presentations or
levels of severity, helping refine diagnostic criteria and treatment plans [60].

A typical workflow for applying an unsupervised learning algorithm to Lassa fever man-
agement includes the following steps:

1. Input: Collect environmental data such as humidity, rodent population density, and
vegetation coverage.

2. Clustering: Group data points into clusters based on shared characteristics, revealing
underlying structures in the data.

3. Pattern discovery: Use the model to detect hidden patterns that indicate potential
high-risk areas for Lassa fever outbreaks.

4. Output: Generate a visual representation, such as a risk map, highlighting regions
with a higher probability of outbreaks.

Unsupervised learning’s capacity to analyze data without the need for labeled outputs
makes it a powerful approach for discovering patterns that support proactive healthcare
strategies, enhancing the monitoring and management of Lassa fever outbreaks.

4.2 Reinforcement learning algorithms

Reinforcement Learning (RL) is a specialized machine learning paradigm where an agent
learns to make optimal decisions by interacting with its environment. Unlike supervised
and unsupervised approaches, RL is driven by feedback mechanisms, rewards for cor-
rect actions and penalties for suboptimal ones, that guide the learning process over time.
Through continuous interaction and adaptation, the agent improves its strategy to maxi-
mize cumulative rewards in varied and often unpredictable scenarios [88, 89].

Several prominent RL algorithms include Q-Learning, Deep Q-Networks (DQN), Pol-
icy Gradient techniques, Actor-Critic frameworks, Proximal Policy Optimization (PPO),
and the REINFORCE algorithm [90, 91]. Each of these methods offers unique mecha-
nisms for modeling the relationship between agent actions and environmental feedback.
They also differ in how they manage the balance between exploration (trying unfamiliar
strategies) and exploitation (relying on previously successful actions). Table 5 provides
an overview of these reinforcement learning approaches and their relevance to Lassa
fever intervention and management.

In Lassa fever management, reinforcement learning has shown significant potential in
the following areas:

Table 5 Reinforcement learning algorithms in Lassa fever management

Reinforcement learning  Description Use case for Lassa fever

algorithms

Q-learning A model-free algorithm that learns the Optimizing vaccination distribution
value of actions for a given state [92] during outbreaks

Deep Q-networks (DON) Combines Q-Learning with deep learning  Resource allocation in regions with
to handle large state spaces [92] varying outbreak severity

Proximal policy optimiza- A policy optimization method that en- Dynamic quarantine strategies bal-

tion (PPO) sures stable and efficient training ancing health and economic impacts
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1. Resource allocation: RL can dynamically allocate resources such as healthcare
workers, vaccines, and hospital beds during an outbreak. By analyzing real-time data
on infection rates, population density, and hospital capacity, RL algorithms learn to
prioritize areas or patients that require urgent attention, thus optimizing outcomes
81, 83].

2. Dynamic containment strategies: RL can be used to simulate and develop effective
containment strategies, such as quarantines and travel restrictions. By iterating on
these simulations, the algorithm identifies strategies that minimize infection spread

while considering socio-economic factors [91].

A typical workflow for applying a reinforcement learning algorithm to Lassa fever man-

agement includes:

1. Environment: Create a simulation representing a region affected by a Lassa fever
outbreak. The simulation includes variables such as population density, infection
rates, healthcare resources, and socio-economic factors.

2. Actions: Define possible actions the agent can take, such as allocating medical
supplies, imposing quarantines, deploying healthcare workers, or initiating public
health campaigns.

3. Reward: Establish a reward mechanism, where positive feedback is given for reduced
infection rates, lower mortality, or efficient resource usage, and penalties are applied
for adverse outcomes such as overburdened hospitals or uncontrolled spread.

4. Learning loop: The agent iteratively interacts with the environment, evaluating the
outcomes of its actions, and updates its policy to improve future decisions. Over time,
the agent learns to optimize its strategy for effective Lassa fever management.

Reinforcement learning’s ability to model and adapt to dynamic systems makes it a pow-
erful tool for addressing complex challenges in Lassa fever management, such as out-
break response, resource prioritization, and containment planning. By integrating RL
into healthcare systems, decision-making can become more data-driven, efficient, and

adaptive.

4.3 Deep learning algorithms

Deep learning (DL), a subfield of Al, uses deep neural networks composed of multiple
layers to automatically extract patterns and features from raw data. In contrast to tradi-
tional machine learning approaches that often depend on manual feature engineering,
DL is particularly adept at modeling complex, nonlinear relationships in high-dimen-
sional datasets. This strength makes DL highly applicable in areas such as medical
diagnostics, image recognition, time-series forecasting, and decision support-critical
components in both healthcare and epidemic control [82, 83, 93-95].

In the context of epidemic management, DL contributes to more efficient feature
extraction, reducing the need for manual data preprocessing and accelerating analytical
workflows. It is also highly scalable, capable of processing extensive datasets, including
real-time health monitoring data. Furthermore, its adaptability allows models to be fine-
tuned for emerging diseases and evolving outbreak scenarios.

Despite these advantages, several limitations affect the application of DL in manag-
ing Lassa fever. One major constraint is the requirement for large volumes of labeled
training data, which may be difficult to obtain in low-resource settings. Additionally, DL
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models are computationally intensive, often requiring significant processing power and
access to high-performance hardware such as GPUs. Another challenge is interpretabil-
ity-DL models are frequently criticized as “black boxes,” making it difficult to explain or
justify their decisions during clinical assessments.

Nonetheless, DL offers considerable promise in supporting epidemic preparedness
and response. Its use in diagnosing, monitoring, and predicting Lassa fever outbreaks
may lead to earlier interventions and improved public health outcomes.

4.3.1 Convolutional neural networks (CNNs)
Convolutional Neural Networks (CNNs) are a class of deep learning models that excel
in processing grid-like data, particularly images and spatially-organized datasets. By
leveraging convolutional layers, CNNs automatically detect hierarchical patterns in
data, such as edges, textures, and shapes. This capability makes CNNs highly effective
for medical image analysis, where subtle patterns may reveal critical diagnostic infor-
mation [35, 82, 83]. Pooling layers, combined with fully connected layers, ensure that
the extracted features are refined and interpreted for accurate predictions or classifica-
tions. CNNs are widely used in healthcare due to their ability to process complex visual
data with minimal human intervention, enabling more accurate, consistent, and scalable
diagnostic processes.

Table 6 highlights specific use cases of CNNs in Lassa fever management.

In Lassa fever management, CNNs have shown promise in the following applications:

1. Medical image diagnosis: CNNs can analyze radiological images, such as X-rays, CT
scans, or MRIscans, to detect abnormalities associated with Lassa fever complications.
For example, they can identify internal bleeding, organ swelling, or tissue damage
indicative of severe infection [35, 83].

2. Outbreak detection: By analyzing satellite or aerial imagery, CNNs can detect
environmental factors such as rodent population density or changes in vegetation,
which may signal regions at heightened risk of outbreaks. These insights support
preemptive public health interventions [82].

3. Histopathological analysis: CNNs can assist in analyzing biopsy or tissue samples
under a microscope, identifying specific cellular damage patterns linked to Lassa
fever.

A typical workflow for applying CNNs to Lassa fever management includes the follow-
ing steps:

1. Input: Obtain relevant medical images (e.g., X-rays, MRI scans) or environmental
data (e.g., satellite imagery).

2. Convolutional layers: Use these layers to detect intricate patterns such as organ
lesions, swelling, or environmental features like rodent habitats.

Table 6 Applications of CNNs in Lassa fever management

Application area Description Use case for Lassa fever
Medical image analysis  Analyzing radiological images to Identifying organ damage, such as internal
detect anomalies [96] bleeding or swelling, from X-rays or CT scans
Outbreak prediction Processing satellite or aerial imagery ~ Detecting rodent population density or
to monitor environmental factors habitat changes linked to outbreak risk
Histopathological Analyzing tissue samples for micro- Identifying cellular-level damage caused by

studies scopic patterns Lassa fever
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3. Pooling layers: Apply pooling operations (e.g., max pooling) to reduce the spatial
dimensions of feature maps, focusing on the most critical patterns and reducing
computational complexity.

4. Fully connected layers: Translate the refined features into actionable insights, such as
classifying an image as indicative of healthy tissue or infected tissue.

5. Output: Generate predictions, such as disease severity, infection status, or outbreak

probability in a given region.

CNNs’ ability to process complex visual data autonomously has revolutionized health-
care diagnostics [97-99]. For Lassa fever, the integration of CNNs into diagnostic and
outbreak monitoring systems can enhance precision and speed, ultimately supporting
timely and effective public health interventions.

4.3.2 Recurrent neural networks (RNNs)

RNNs are regarded as a class of deep learning models that have been specifically
designed for the processing of sequential data, where the order of inputs is known to
significantly influence the output. In contrast to feedforward neural networks, RNNs
are structured with feedback connections within their hidden layers, allowing informa-
tion from prior inputs to be retained. Through this architecture, temporal dependen-
cies across input sequences can be effectively captured, a feature that is critical for tasks
involving time-series analysis or data characterized by inherent chronological structure.
Advanced variants of RNNs, such as Long Short-Term Memory (LSTM) networks and
Gated Recurrent Units (GRUs), have been introduced to enhance the model’s capacity
to manage long-range dependencies while addressing limitations such as the vanishing
gradient problem [100-102].

In healthcare, RNNs have become increasingly useful for applications like patient
monitoring, epidemic trend forecasting, and analyzing chronological patterns in clini-
cal datasets. Table 7 provides examples of how RNNs are being leveraged for Lassa fever
analysis and prediction.

A typical workflow for applying RNNs to Lassa fever management includes the follow-

ing steps:

1. Input: Collect time-series data, such as patient vitals (e.g., fever, blood pressure, heart
rate) or environmental metrics (e.g., rodent activity, temperature fluctuations).

2. Hidden layers: The RNN processes the sequential data, retaining information about
previous inputs to identify trends and patterns.

3. Output: Generate predictions, such as the likelihood of disease progression (e.g., from

mild to severe symptoms) or forecasts of future outbreak locations.

Table 7 Applications of RNNs in Lassa fever management

Application area Description Use case for Lassa fever
Patient symptom tracking Analyzing temporal data of symptoms to Predicting worsening symptoms
predict disease progression (e.g., mild fever escalating to
severe hemorrhagic conditions)
Outbreak monitoring Processing real-time environmental and Predicting future outbreak
patient data to identify trends hotspots using loT sensor data

Treatment response analysis ~ Tracking patient responses to interventions  Adjusting treatment plans dynam-
over time ically based on response trends
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4. Feedback loop: Refine the model using updated data from real-world monitoring and
patient records to improve accuracy and adapt to evolving conditions.

The ability of RNNs to analyze and interpret sequential data makes them an invaluable
tool in the fight against Lassa fever. By enabling more precise tracking of patient symp-
toms and outbreak dynamics, RNNs contribute to faster, more effective responses in dis-
ease management and control.

4.3.3 Transformer models
Transformer models represent a significant advancement in deep learning architectures,
originally introduced for natural language processing (NLP) tasks. Unlike traditional
sequential models such as RNNs, transformers utilize a self-attention mechanism that
enables them to process entire sequences of data in parallel, capturing both local and
global dependencies without the need for sequential processing. This capability makes
transformers highly effective for analyzing sequential and multivariate data, particularly
in complex scenarios where relationships across long distances in the data are critical.

Transformers have become invaluable tools in various domains, including healthcare,
where their versatility and efficiency enable them to process and integrate diverse data
types for actionable insights. Table 8 highlights the key applications of transformer mod-
els in the management of Lassa fever [103].

A typical workflow for applying transformer models in Lassa fever management
includes the following steps:

1. Input: Collect diverse data sources, such as patient vitals, symptom profiles,
environmental metrics (e.g., temperature, humidity), and genomic data of the virus.

2. Attention mechanism: The transformer applies its self-attention mechanism to assign
weights to different inputs, focusing on the most relevant features for the prediction
task.

3. Output: Generate predictions, such as outbreak risk maps, patient outcome
probabilities, or likelihood of virus mutations.

4. Model refinement: Use feedback from real-world applications and updated datasets

to improve the model’s accuracy and adaptability.

4.3.4 Hybrid models

In many scenarios, combining different deep learning architectures leads to superior
performance by leveraging the strengths of each model [104—106]. Hybrid architectures
are especially beneficial in complex applications where diverse types of data and tasks
are involved. Table 9 outlines examples of hybrid models and their applications in the
management of Lassa fever.

Table 8 Applications of transformer models in Lassa fever management

Application area Description Use case for Lassa fever
Genomic data analysis Analyzing viral genomic sequences to track  Assisting in vaccine development
mutations and predict variants and understanding virus evolution
Multivariate data Processing multiple data sources simultane-  Predicting outbreak risks by com-
integration ously to identify complex patterns bining patient symptoms, environ-

mental factors, and healthcare data

Symptom-outcome Mapping patient symptoms to possible Anticipating complications based
correlation disease outcomes with high accuracy on initial clinical presentations




Ohize et al. Discover Artificial Intelligence (2026) 6:43 Page 18 of 43

Deep learning models, whether standalone or in hybrid configurations, provide robust
tools for combating Lassa fever. Their ability to integrate diverse data types and perform
complex analyses enhances early diagnosis, outbreak monitoring, and disease manage-
ment, ultimately improving patient outcomes and public health responses.

4.4 Natural language processing (NLP) algorithms

NLP is recognized as a branch of artificial intelligence that enables the interpretation,
analysis, and generation of human language by computational systems. Within the con-
text of public health emergencies such as pandemics, NLP has been employed to extract
meaningful insights from large volumes of unstructured textual data, including clini-
cal documentation, scientific literature, news articles, and content derived from social
media platforms [111-113].

The utility of NLP methodologies becomes particularly pronounced during disease
outbreaks, such as Lassa fever, where unstructured text sources are frequently encoun-
tered. Through the application of these techniques, automated extraction of relevant
information from heterogeneous textual inputs is facilitated, thereby enabling real-time
tracking of disease progression and analysis of public discourse. Typical NLP applica-
tions include text classification, sentiment analysis, named entity recognition (NER),
machine translation, topic modeling, and text summarization [114].

4.4.1 Text classification and sentiment analysis
Text classification is defined as the process by which predefined categories are assigned
to textual data, whereas sentiment analysis is concerned with the identification of emo-
tional polarity conveyed within the content-typically categorized as positive, negative,
or neutral. These methods are regarded as particularly valuable for deriving actionable
insights from unstructured information sources, including media reports, social media
platforms, and electronic health records [111, 115, 116].

In relation to Lassa fever management, both text classification and sentiment analysis
offer promising applications, as outlined in the following areas:

1. Public sentiment monitoring: During Lassa fever outbreaks, analyzing social media
posts and news reports can help gauge public fear, misinformation, or panic, allowing
healthcare organizations to take timely actions.

2. Patient records analysis: Text classification models can be trained to automatically
analyze patient records and classify them based on severity, risk factors, or treatment
outcomes.

A typical workflow for applying text classification and sentiment analysis in Lassa fever
management includes the following steps:

Table 9 Applications of hybrid models in Lassa fever management

Hybrid model type Description Use case for Lassa fever

CNN-RNN hybrid [107,  Combines spatial feature extraction from Predicting disease progression from

108] images with sequential data analysis organ damage images and patient vitals

Transformer-CNN Integrates transformers for multivariate Comprehensive outbreak modeling

hybrid [109, 110] analysis with CNNs for image processing using patient data and environmental
images

Transformer-RNN Uses transformers for attention-based Advanced forecasting of disease spread

hybrid feature selection and RNNs for sequential and patient recovery timelines

predictions
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1. Input: Text from social media, news articles, or patient records.

2. Preprocessing: Text is cleaned, tokenized, and vectorized (converted to numerical

format).

Classification model: The text is classified based on the task (e.g., outbreak severity,
patient condition, or public sentiment).

Output: Category (e.g., high-risk patient, public concern level) or sentiment (positive,
negative, neutral).

4.4.2 Named entity recognition (NER)
NER is a technique that identifies and classifies named entities within a text (e.g., per-

son names, dates, medical conditions, locations). It is particularly useful for information

extraction, especially from medical literature and clinical data [95, 117-119].

Applications in Lassa Fever:

1.

Medical data extraction: NER models can automatically identify key details from
clinical reports, such as symptoms, treatments, and disease progression in Lassa fever
patients.

Outbreak reporting: NER can extract important entities like disease names, affected
regions, and case numbers from news articles or government reports, helping track

and monitor outbreaks [120].

A typical workflow for applying NER analysis in Lassa fever management includes the

following steps:

1.
2.

Input: A text document (e.g., clinical report, research paper).

Entity recognition: The NER model identifies important entities such as patient
names, symptoms, and treatments.

Entity classification: These entities are classified into categories (e.g., person, disease,
location).

Output: Structured information (e.g., patient symptoms, disease progression).

4.4.3 Machine translation

Machine translation enables the automatic translation of text from one language to

another [121-123]. This can be extremely useful in global pandemics like Lassa fever,

where data and reports are often available in multiple languages. Applications in Lassa

Fever:

1.

2.

Cross-language medical collaboration: During an outbreak, data on Lassa fever might
be available in multiple languages. Machine translation can help researchers and
medical professionals collaborate across regions and linguistic barriers.

Patient communication: In multilingual regions, machine translation is employed
to facilitate communication between healthcare providers and patients who speak
different languages.

A typical workflow for applying Machine Translation in Lassa fever management

includes the following steps:

1.

Input: A document in one language (e.g., a research paper in French).

Page 19 of 43
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2. Translation model: The NLP model translates the text into another language (e.g.,
English).
3. Output: The translated document.

4.4.4 Topic modeling

Topic modeling is an unsupervised NLP technique that automatically detects abstract
topics in a collection of documents. It helps in organizing and summarizing large vol-
umes of text by identifying recurring themes [124—127]. Applications in Lassa Fever:

1. Research paper analysis: Topic modeling can analyze thousands of research papers on
Lassa fever to identify emerging trends, common themes, or areas of consensus.

2. Public discussion monitoring: Topic modeling can be applied to social media posts
and news articles to understand public discussions around Lassa fever.

A typical workflow for applying Topic Modeling in Lassa fever management includes the
following steps:

1. Input: A large corpus of text (e.g., scientific papers or social media posts).

2. Modeling: The model identifies key topics and groups related documents together.

3. Output: A list of topics (e.g., vaccine research, public health measures) with associated
documents.

4.4.5 Summarization

Summarization techniques in NLP allow for extracting the most important information
from large texts. Summarization can be extractive (selecting key sentences) or abstrac-
tive (generating a condensed version of the text) [128—133]. Applications in Lassa Fever:

1. Research paper summarization: Automated summarization can help researchers
quickly get the gist of new studies on Lassa fever without having to read through
entire papers.

2. News and policy updates: Summarization can condense long government reports or
news updates, helping the public or healthcare officials stay informed with minimal

reading time.

A typical workflow for applying Summarization in Lassa fever management includes the
following steps:

1. Input: A long text document (e.g., a research paper or news report).
2. Modeling: The NLP model condenses the text, keeping the key information.
3. Output: A shorter version of the text that captures the main points.

4.5 Bayesian networks and probabilistic models

Bayesian networks and probabilistic models provide powerful frameworks for modeling
uncertainty and causal relationships in complex systems [134—136]. These approaches
are particularly valuable for understanding and managing pandemics, such as Lassa
fever, where various environmental, biological, and social factors interact dynamically
to influence disease transmission [21, 25, 137]. By quantifying uncertainties and repre-
senting causal dependencies, these models offer insight into the mechanisms underlying
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disease spread and support evidence-based decision-making. Bayesian networks and

probabilistic models’” key concepts include:

1. Bayesian networks (BN): A Bayesian network is a probabilistic graphical model that

depicts a set of variables and their interdependencies through a directed acyclic graph
(DAG). In this structure, nodes represent random variables, while edges illustrate
the conditional relationships among them. In the case of Lassa fever modeling,
such variables might include environmental factors, rodent population density, and
frequency of human interaction.

Probabilistic models: These models provide a mathematical framework to quantify
uncertainty, enabling predictions of outcomes based on observed data. By calculating
probabilities of various scenarios, probabilistic models facilitate reasoning about
potential future events.

Bayesian networks and probabilistic models have diverse applications in addressing

Lassa fever outbreaks, including:

1.

Epidemiological risk assessment: These models estimate the likelihood of outbreaks by
analyzing factors such as population density, climatic conditions, and rodent behavior.
Transmission dynamics: By modeling interactions between variables, these
frameworks elucidate how factors like environmental changes and human behavior
contribute to virus spread.

Public health decision-making: Bayesian networks and probabilistic models support
resource allocation and response planning, optimizing strategies for outbreak

containment and prevention.

A structured workflow guides the development and application of probabilistic models

for Lassa fever management:

1.

Define variables: Identify key variables influencing disease dynamics, such as rodent
populations, human activities, and environmental conditions.

Determine probability distributions: Assign probability distributions to each variable,
representing uncertainties and variabilities in the data.

Construct model: Develop a probabilistic model by defining relationships between
variables, simulating possible outbreak scenarios.

Inference and updating: Incorporate observed data to refine probability estimates,
improving model accuracy in predicting outbreaks.

Decision support: Use the model to inform public health strategies, guiding resource
deployment and preventive measures.

Similarly, the workflow for constructing and applying Bayesian networks in Lassa fever

management involves:

1.

Define nodes: Clearly define the variables (nodes) and their dependencies, such as
environmental conditions, rodent populations, human contact with rodents, and
outbreak occurrences.

2. Data collection and preprocessing: Gather reliable data from experiments, surveys, or

databases. Preprocess the data to handle missing values and remove noise.
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3. Construct model: Establish the network structure, specifying causal relationships
between nodes. For instance, environmental conditions influence rodent populations,
which in turn affect human contact and outbreak risks.

4. Parameter learning and validation: Use Bayes’ theorem to update prior distributions
with observed data. Validate the network with domain experts to ensure accuracy.

5. Decision support: Perform probabilistic inference to predict outcomes, query
conditional probabilities, and inform public health interventions.

By leveraging these tools, public health officials can enhance their understanding of dis-
ease dynamics, optimize resource allocation, and implement timely interventions. These
models contribute significantly to outbreak preparedness, fostering resilience and effec-
tive response strategies in the face of Lassa fever epidemics.

4.6 Comparison of the different approaches

The consolidated comparison presented in Table 10 highlights how diverse artificial-
intelligence paradigms collectively advance the control and management of Lassa fever
across diagnostic, predictive, and surveillance domains. Classical machine-learning
models, particularly supervised approaches such as logistic regression, support-vector
machines, and random forests-remain strong for structured clinical data analysis, deliv-
ering accuracies above 75-95 % when adequate labeled datasets exist. Unsupervised and
reinforcement-learning techniques complement these by uncovering latent outbreak
clusters and enabling adaptive resource allocation in dynamic epidemic environments.
Deep-learning frameworks, especially convolutional and recurrent architectures, dem-
onstrate high precision (AUC 0.85—0.98) for image-based diagnosis and temporal fore-
casting, while transformer models extend these capabilities to multimodal and genomic
data integration. Probabilistic and expert-system paradigms contribute interpretability
and causal reasoning for decision support in low-data settings, and natural-language-
processing methods expand situational awareness through automated information
extraction, multilingual communication, and knowledge summarization. Overall, Table
10 illustrates that each Al category offers complementary strengths, ranging from accu-
racy and scalability to transparency and linguistic adaptability, hence emphaszing the
importance of hybrid and context-sensitive frameworks that integrate these techniques
for a more robust, ethical, and data-driven Lassa-fever response.

Furthermore, the performance evaluation of these models for infectious-disease
applications must be standardised to ensure comparability and reproducibility. In prior
Lassa-fever studies, indicators such as accuracy, sensitivity, specificity, F1-score, and area
under the receiver operating characteristic curve (AUC) were reported inconsistently.
Table 10 summarises typical accuracy ranges, yet contextual interpretation is critical for
drawing meaningful conclusions in health-related decision-making. A brief explanation
of these metrics are as follows:

1. Accuracy quantifies the proportion of correctly classified instances among all samples
and is suitable when class distributions are balanced. However, in Lassa-fever datasets
where confirmed positive cases are often scarce relative to negatives, accuracy alone
can be misleading.

2. Sensitivity (Recall) measures the proportion of true positives correctly identified and
is particularly crucial for early outbreak detection, screening, and triage systems,
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Table 10 AlTechnique Matrix for Lassa-fever management: use-cases, data needs, reported
performance, and principal limitations

Al method (Representative

models)

Primary
Lassa-fever
use-case(s)

Typical data
requirements

Reported ac-
curacy range

Principal
limitation(s)

Supervised ML

(Logistic Regression, SVM,
Random Forest, MLP/NN)

Unsupervised ML

(K-Means/HC, PCA, GMM)

Reinforcement learning
(Q-Learning, DON, PPO)

CNNs

RNNs/LSTM/GRU

Transformers

Bayesian networks
Probabilistic models

Early diagno-
sis; prognosis
stratification;
outbreak risk
prediction; tri-
age support

Cluster high-risk
areas; patient
phenotype
discovery;
anomaly detec-
tion in streams

Dynamic
resource al-
location (beds,
kits, workforce);
adaptive
containment
policies

Medical image
support

(e.g., signs of
complications);
satellite/aerial
imagery for en-
vironmental risk
proxies (habi-
tats, land-use)
Time-series
forecasting of
cases; symptom
trajectory mod-
eling; streaming
sensor fusion
(loT)

Genomic
sequence
analysis (muta-
tion patterns);
multimodal
fusion (clinical +
environmental
+ text); outbreak
risk scoring
Causal risk
assessment;
scenario analy-
sis; transpar-

ent outbreak
reasoning

Labeled tabular
records: de-
mographics,
symptoms, vitals,
labs; spatiotem-
poral covariates
(weather, rodent
proxies); curated
feature sets
Unlabeled tabular
+ environmental
layers; geospatial
rasters; EHR text
embeddings

Simulated/real-
time state signals:
case counts,
capacity, mobility;
reward design

Labeled image
sets (radiology,
microscopy) or
geospatial imagery
with outbreak
labels/proxies;
preprocessing
pipelines

Sequential tabular/
time-series: daily/
weekly cases,
vitals, mobility,
climate; careful
handling of miss-
ingness and lags

Tokenized
sequences
(genomes, text),
multivariate
time-series; larger
data budgets;
alignment across
modalities

Structured
variables (envi-
ronmental, host,
rodent, contact);
expert priors; con-
ditional tables

Accuracy: 75—
95% (task/dataset
dependent); F1/
AUC: 0.78—0.96

Clustering quality
via silhouette,
Davies-Bouldin

N/A (policy

learning); report
reward gains or
regret reduction

Accuracy:
85-98%; AUC:
0.85—-0.98

Accuracy/F1 for
sequence classifi-
cation: 70-95%

Accuracy/AUC:
80-97%;
F1:0.80—0.95
(task dependent)

Accuracy/

AUC: 80-100%
reported in select
studies; calibra-
tion and poste-
rior diagnostics
emphasized

Needs labeled

data; performance
sensitive to class
imbalance and data
quality; potential
dataset shift across
regions; explainabil-
ity varies by model

Interpretability of
clusters; choice

of kand distance
metrics; results
sensitive to scaling
and noise; no direct
"accuracy” notion
Reward shaping
and realism of simu-
lators; data sparsity
for on-policy learn-
ing; computational
cost; transfer to real
settings

Requires sizable
labeled image
corpora; domain
shift across devices/
sites; limited tem-
poral reasoning;
compute-intensive
training

Vanishing/explod-
ing gradients for
long horizons; data
scarcity; sensitivity
to non-stationar-
ity; needs careful
validation to avoid
leakage

High compute/
memory needs;
potential overfit-
ting on small LF
datasets; model
opacity; complex
data integration

Eliciting reliable
priors/structure;
sensitivity to miss-
ing/biased inputs;
scalability for high-
dimensional CPTs
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Table 10 (continued)
Al method (Representative  Primary Typical data Reported ac- Principal
models) Lassa-fever requirements curacy range limitation(s)

use-case(s)

Expert systems/rule-based

Text classification (NLP)

Named entity recognition

(NLP)

Machine translation (NLP)

Topic modeling (NLP)

Summarization (NLP)

Triage, prelimi-
nary diagnosis
support; proto-
col guidance;
checklists

Syndromic
surveillance
from media/
EHR text; case
triage notes;
misinformation
flagging
Extract entities
(symptoms,
drugs, locations,
dates) from
reports for
structured
dashboards

Cross-language
alerts, guid-
ance, records;
multilingual
coordination
across West
Africa

Trend mining
from literature/
news; thematic
monitoring of
public discourse
Condense situ-
ation reports,
policy briefs,
clinical updates

Curated rules/
knowledge base
derived from
guidelines and
expert input; codi-
fied symptom/lab
thresholds
Labeled text
(notes, reports,
posts); tokeniza-
tion and embed-
dings; balanced
classes

Annotated corpora
with biomedical
entities; domain-
specific tag sets;
de-identification
pipeline

Parallel or com-
parable corpora;
domain adapta-
tion for medical
terminology

Large unlabeled
text corpora; pre-
processing; model
selection (LDA/
CTM)

Domain text for
extractive/abstrac-
tive models; evalu-
ation references if
available

Reported
agreement with
experts or deci-
sion accuracy on
cases

Accuracy/F1:
75-95%

F1:0.70—-0.92

BLEU: 20-35
(low-resource);
human ad-
equacy/fluency
preferred

Typically report-
ed in terms of
coherence (C_v)
and stability

ROUGE-1: 35-50;
human judgment
recommended

Rule brittleness;
maintenance
burden; limited
adaptability to new
evidence; no learn-
ing from data by
default

Labeling costs;
domain shift across
sources; handling
negation and ab-
breviations; bias in
text corpora

Performance drops
out-of-domain;
ambiguity and
overlapping
entities; requires
domain annotation
effort

Terminology fidel-
ity; low-resource
languages; halluci-
nations; privacy of
clinical text

Topic interpret-
ability; sensitivity
to preprocessing;
temporal drift

Factuality risks (ab-
stractive); omission
of caveats; domain
adaptation needed

where failing to detect an actual case has serious consequences for containment and
treatment.

. Specificity measures the proportion of true negatives correctly identified and is vital
for avoiding false alarms in low-prevalence settings, ensuring that limited laboratory
or field resources are not misallocated.

. Precision represents the proportion of correctly predicted positive cases among all
predicted positives. In predictive surveillance, precision helps quantify the reliability
of an alert signal or case forecast.

. F1-Score is the harmonic mean of precision and sensitivity, balancing both false
positives and false negatives. It is preferred when positive and negative classes are
imbalanced, as is common in Lassa-fever case reporting.

. Area Under the Curve (AUC) summarises model discrimination ability across all
decision thresholds, describing how effectively the model separates infected from
non-infected or high-risk from low-risk samples. AUC is particularly useful for
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models producing probabilistic outputs, such as logistic regression, neural networks,
or ensemble classifiers.

In the Lassa-fever context, sensitivity is the most critical metric for early case detection
and outbreak prediction, whereas specificity is more relevant for confirmatory diagnos-
tics and screening programs. For continuous-risk or probabilistic forecasting tasks, AUC
provides a comprehensive measure of discriminative performance. For imbalanced sur-
veillance data, the FI-score offers the most stable indicator of overall predictive quality.
To promote consistency, subsequent studies should explicitly report these metrics using
stratified cross-validation and, when feasible, include confidence intervals to quantify
uncertainty in performance estimates.

4.7 Alin treatment, control, and prevention optimization

Al is transforming healthcare by optimizing treatment, control, and prevention strate-
gies, through personalized, data-driven approaches that enhance patient outcomes. This
section explores Al’s diverse applications in medical interventions, from tailoring treat-
ment plans to accelerating vaccine discovery, all powered by advanced computational
methods and patient-specific data. Typical Al flow in Lassa fever management is shown
in Fig. 3

1. Personalizing treatment plans using patient-specific data Al enables precision
medicine by tailoring treatment plans to individual patient’s based on their genetic,
clinical, and lifestyle data. By analysing vast datasets including genomic profiles,
medical history, and real-time physiological metrics-Al can predict the most effective
treatments optimize drug dosages and minimize adverse effects. Additionally, Al
driven systems allow for continuous monitoring, and dynamic treatment adjustments,
ensuring responsive patient centred care [139].

2. Drug discovery and re-purposing through AI algorithms. Al has revolutionalize
drug discovery by rapidly identifying potential compounds and predicting molecular
interactions more efficiently than traditional methods. Machine learning models
analyze extensive chemical databases to uncover novel drug candidates while
also facilitating drug reporposing to identifying existing medications for new
therapeutic uses. By integrating clinical and preclinical data, Al streamlines treatment
development, reducing cost and time to market [140, 141].

3. Monitoring and predicting treatment outcomes. Al-powered models enhance the
monitoring and prediction of treatment by integrating data from wearable devices,
electronic health records, and laboratory test. Deep learning algorithms analyze these
data streams to forecast treatment success or detect early signs of adverse reactions,
enabling proactive clinical adjustment. This predictive capability ensures timely
interventions and improve patient outcomes [142].

4. Predictive analytics for resource allocation in high-risk areas. Al-powered predictive
analytics optimize resource distribution, particularly in regions with limited healthcare
infrastructure or during public health crisis. By analyzing historical trends and real-
time data, Al predicted the demand for critical resources, such as ventilators, ICU
beds, and medical supplies, ensuring efficient allocation and preventing shortages.
This capability is vital for emergency preparedness and response [143].
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5. Using Alto accelerate vaccine candidate discovery. Al accelerates vaccine development
by analyzing genetic data, pathogen structures, and immunological responses. By
rapidly identifying promising vaccine candidates, Al reduces research time and cost
while optimizing formulations for safety and efficacy. Al also facilitates vaccine trial
designs and post- market surveillance ensuring broader protection against emerging

infectious threats [144].

A

Al Driven Environmental
Surveillance & Early warning

using Machine learning and
Deep Learning Analysis

Is Outbreak Risk
High?

Al Powered Diagnostics
(Rapid testing, Personalized
icine, Lab ¢ i

Therapeutics
(Al Driven Drug Discovery,
Treatment response)

Vaccination
(Candidate design, Inmune
modelling)

Y

Al Driven Monitoring &
Outcome Prediction

Enhanced Epidemic

Control using Al

No

Page 26 of 43



Ohize et al. Discover Artificial Intelligence (2026) 6:43 Page 27 of 43

6. Analyzing genetic variations of the Lassa virus for targeted vaccine design. Al is
playing a crucial role in developing vaccines for rapidly mutating viruses, such as
the Lassa virus. By sequencing viral genomes and identifying key genetic markers,
AI models can simulate how different genetic variations affect vaccine efficiency,
enabling the development of more robust vaccines effective across various strains.
This approach is essential for diseases like Lassa fever, where viral evolution poses
significant challenges to vaccine development [143].

4.8 Case studies of Al in addressing pandemics
Al is transforming the landscape of disease prevention, diagnosis, and treatment by
introducing cutting-edge solutions to persistent healthcare challenges. Through tools
like predictive analytics, vaccine development models, and precision medicine applica-
tions, Al-based systems contribute to improved efficiency, effectiveness, and equity in
delivering healthcare services. As Al technologies advance, their integration into clini-
cal and public health infrastructures is paving the way for a more responsive and data-
informed approach to healthcare delivery.

This section reviews documented use cases of Al in pandemic response as discussed in
the literature.

4.8.1 Successful Al deployments in epidemic management

Artificial Intelligence (AI) has shown significant promise in enhancing epidemic
response through improved disease surveillance, outbreak prediction, diagnostics, and
intervention strategies. During the COVID-19 pandemic, for example, the company
BlueDot leveraged machine learning and natural language processing (NLP) to examine
large-scale data from news outlets, airline travel records, and official health bulletins,
allowing for early detection of disease spread [20]. Similarly, platforms like HealthMap
provided near real-time monitoring of disease outbreaks and contributed to more timely
public health responses [145].

In the case of Ebola, Al systems were employed for predictive modeling to detect
potential outbreak zones and optimize resource distribution-reducing delays and
improving outcomes [81]. For influenza, Al-driven models, particularly those built using
recurrent neural networks (RNNs), improved forecasting accuracy by incorporating
information from clinical data, environmental factors, and online media platforms [146].
These examples demonstrate Al’s versatility in processing complex, multi-source data to
support dynamic and adaptive epidemic management efforts.

4.8.2 Lessons learned from previous outbreaks
From past outbreaks, several critical lessons have emerged regarding Al’s role in epi-
demic control, which are listed as follows:

1. Data integration and quality: The effectiveness of Al hinges on the availability of high-
quality, diverse datasets [147]. For example, integrating environmental, clinical, and
socio-economic data was critical in predicting and managing Zika virus outbreaks
[148].

2. Real-time analysis: During the HIN1 pandemic, Al systems that provided real-
time analysis and actionable insights were more effective in guiding public health
interventions [145].
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3. Interdisciplinary  collaboration: — Collaborations between data  scientists,
epidemiologists, and healthcare professionals significantly improved Al models’
accuracy and usability, as seen in SARS and MERS outbreaks [20].

4. Ethical and privacy considerations: Maintaining data privacy and addressing ethical
concerns were paramount in ensuring public trust and adoption of Al tools during
outbreaks like COVID-19 [81].

5. Scalability and adaptability: Flexible Al systems capable of adapting to different
diseases and regions proved essential for sustained impact [146].

These lessons emphasize the need for robust data infrastructure, ethical frameworks,
and cross-sectoral collaboration to maximize AI’s potential in epidemic management.

4.8.3 Real-world examples of Al impact in Lassa fever control
We provide a number of examples where Al has been used for Lassa fever control as
follows:

1. Predictive analytics: The authors in [149] developed an ensemble deep learning model
combining RNN, LSTM, and GRU to predict Lassa fever outbreaks. By integrating
weather data (e.g., temperature, humidity) with historical outbreak data, the model
achieved improved prediction accuracy, enabling proactive public health responses.
Similarly in [150], a Bayesian Belief Network was used, achieving 100 % accuracy in
outbreak predictions, showcasing the reliability of probabilistic models in disease
forecasting .

2. Real-time surveillance: In [148], the authors implemented a real-time surveillance
system using machine learning algorithms for early warning and monitoring. This
system improved the timeliness of reporting and tracking cases, enabling faster
containment measures .

3. Diagnostic innovations: The approach in [151] involved the deployment of supervised
machine learning techniques to diagnose Lassa fever based on clinical signs,
significantly enhancing diagnostic accuracy. In a different study, the authors in [35]
developed a CNN-based model that analyzed blood smear images for Lassa fever
detection, achieving high diagnostic precision and expediting laboratory workflows .

4. Geospatial analysis: Regression analysis and spatial modeling was used in [87] to
identify geographic clustering and urban-rural dynamics of Lassa fever outbreaks.
These insights facilitated targeted public health interventions in hotspots. While
these AI deployments have demonstrated notable successes, challenges such as data
scarcity, model biases, and integration with existing healthcare systems remain areas
for improvement.

While these Al deployments have demonstrated notable successes, challenges such as
data scarcity, model biases, and integration with existing healthcare systems remain
areas for improvement. Table 11 presents a summary of selected real-world examples of
Al techniques used in the management of Lassa fever.

4.8.4 Publicly available Lassa-fever datasets

To promote transparency, reproducibility, and cross-validation of artificial-intelligence
models, this section consolidates publicly available datasets that underpin Lassa-fever
research across genomic, transcriptomic, and epidemiological domains. Open data
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Table 11 Real-world examples of Al techniques used in the management of Lassa fever

Ref. County Key features Al Context Focus Success Challenges
technique(s) and future
improvements

[81] Nigeria Predictive XGBoost, Outbreak Lassa Increased Data scarcity
analytics for Random Prediction Fever predictive and the need
outbreak Forest accuracy for  for com-
forecasting epidemic putational

trends resources
Nigeria, UK Forecast- Decision Tree, Resource Al- Lassa Reducedre-  Model biases

[146] ing outbreak k-NN location and Fever sponsetimes and limitations

progression Detection for outbreak  in real-time
management deployment
West Africa Real-time sur- Machine Early Warning ~ Lassa  Improved Data integra-

[148] veillance system  Learning, and Monitoring Fever  timeliness tion and pri-
for outbreak Statistical ML inreporting  vacy concerns
tracking and tracking

cases
[87] Ondo Analyzed urban  Regression Geographic Lassa Highlighted  Data accuracy

State, versus rural Analysis, Spa-  clusteringand ~ Fever urban challenges

Nigeria dynamics, link-  tial Modeling  urban trend hotspots for  from second-
ing ecological identification Lassa fever, ary sources;
variables (e.g., influencing need for pro-
population, targeted active urban
nighttime light public health  rodent control
intensity) to strategies strategies
outbreaks

Nigeria Developed an Recurrent Outbreak Lassa  Improved Data pre-

[149] ensemble deep  Neural Prediction Fever prediction processing
learning model  Networks accuracy challenges
combining RNN, (RNN), Long by integrat- (missing
LSTM, and GRU  Short-Term ing diverse values); ensur-
to predict Lassa  Memory data sources  ing model
fever outbreaks.  (LSTM), Gated (weatherand  scalability
Integrated Lassa  Recurrent disease cases) and real-time
fever data with  Unit (GRU) applicability
weather data
(temperature,
humidity,
precipitation)

[74]  West Africa Used machine  Naive Bayes,  Outbreak Lassa  Highac- Dataset limita-
learning algo- Decision prediction Fever curacyin tions, need
rithms (Naive Trees, Ran- predicting for more data
Bayes, Decision  dom Forest outbreaks integration
Trees, Random based on
Forest) to pre- patient symp-
dict Lassa fever toms and
outbreaks based demographic
on patient data data

Nigeria Used a Bayesian  Bayesian Be-  Outbreak Lassa  Achieved Data quality

[150] Belief Network  lief Network  prediction Fever 100% ac- concerns; da-
to predict Lassa curacy in taset curation
fever outbreaks, predictions, needed
achieving 100% demonstrat-
accuracy ing potential

for high

reliability
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Table 11 (continued)
Ref. County Key features Al Context Focus Success Challenges
technique(s) and future
improvements
West Africa Machine learn-  Supervised Disease Lassa Improved Lack of
[151] ing techniques ~ Machine Diagnosis Fever diagnosticac- standardized
were employed  Learning and  curacy, facili-  clinical data
to diagnose Viral  tating faster  across different
Lassa fever and Hem- interventions regions
viral hemor- or-
rhagic fevers rhagic
based on clinical Fevers
signs
Global Designed Rule-Based Al Disease Lassa Improved Complexity in
[161] an Al-based Systems Diagnosis Fever decision- implement-
diagnostic making in ing real-time
system for Lassa healthcare systems in
fever, integrat- settings low-resource
ing rule-based areas
approaches
for infection
prediction
[35] Nigeria Developed a Convolu- Disease Lassa  Achieved Limited access
CNN-based tional Neural  Diagnosis Fever highaccuracy to high-quality
model utilizing ~ Networks in detect- image datasets
blood smearim- (CNN) ing Lassa for model
ages to predict fever using training
Lassa fever microscopic
images
Nigeria Designed a hy-  fuzzy logic, Disease Lassa  Quickand Opaque rela-
[162] bridized intelli- ~ NN and Diagnosis Fever reliable tions between
gent framework  rule based diagnosis for  rules
driven by the technique Lassa fever

integration of
NN, Fuzzy logic
(FL) and Case
Based Reason-
ing (CBR)

repositories are essential for training, validating, and benchmarking predictive algo-

rithms used in early warning, diagnosis, and outbreak forecasting. Table 12 provides a

summary of key datasets, their provenance, scope, and access details and these are dis-

cussed as follows:

1. Genomic repositories: The National Center for Biotechnology Information (NCBI)

Virusand GenBank databases hosthundreds of complete and partial Lassa virus (LASV)

genome sequences from both human and rodent hosts, representing multiple viral

lineages circulating across West Africa [152, 153]. These records support phylogenetic

and molecular epidemiology studies that trace viral evolution, lineage diversity, and

inter-regional transmission. Similarly, the Pathosystems Resource Integration Center
(PATRIC)-now integrated into the BV-BRC Bioinformatics Resource Center-provides
curated LASV genomic assemblies and functional annotations, facilitating machine-

learning applications in viral classification, feature selection, and epitope prediction

[154]. Together, these repositories provide a foundation for applying deep-learning

and probabilistic models to study genome variability and mutation dynamics in Lassa

virus.
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Table 12 Publicly available Lassa-fever datasets supporting reproducibility. Sizes reflect values
reported by each source or are dynamically updated

Dataset / Size / Scope Key attributes (Examples) Provenance Access URL

Resource

NCBI Virus / Gen-  Dynamic (> Complete or partial Lassa NCBI Virus / GenBank  https://www.n

Bank (LASV) hundreds of LASV  virus S and L segments; (public submissions) cbi.nim.nih.go
segments) strain, host (human / rodent), v/labs/virus/v

BV-BRC (LASV
genomes
collection)

GEO GSE225258
(LASV vaccine
RNA-seq)

BMC genomics

Kenema govern-
ment hospital
(Sierra Leone)

Zenodo Nigeria

Lassa Epidemiol-
ogy (2018-2021)
Nextstrain Lassa

fever builds

Representa-

tive GenBank
accessions (Togo
Lineage)

NCDC Nigeria
data portal / situ-
ation Reports

Dynamic curated
set

RNA-seq experi-
ment (2023)

~65 human
samples (RNA-seq
+ microarray)

Multi-year clinical
and laboratory
records

SPSS dataset (~
4.5 MB)

Dynamic phylo-
genetic collection

4 complete LASV
segments

Weekly national
reports + CSV
datasets (when
available)

country, year; FASTA files with
metadata

Annotated LASV genomes
with proteins, epitopes, and
metadata; bulk download
via FTP

Expression profiling of

LASV vaccine response in
non-human primates; FASTQ
and processed counts with
sample annotations
Transcriptomic data for
LASV and Marburg infec-
tion; infected vs. uninfected
samples; processed expres-
sion matrices

Patient demographics, Ag/
IgM/1gG status, outcome, and
ribavirin treatment history

De-identified records with
case counts by state and
demographic variables
Curated and time-resolved
LASV phylogenies built
from GenBank submis-
sions; includes metadata
harmonization

Example isolates (MF990886-
MF990889) with metadata for
strain and collection year

Case counts by state/LGA,
fatality rates, trends, and
geo-coded registries via API
or CSV

NIAID Bacterial and
Viral Bioinformat-

ics Resource Center
(BV-BRC)

NCBI Gene Expression
Omnibus (GEO)

BMC Genomics (open
repository)

Kenema Government
Hospital / PLOS Data
in Brief

Zenodo (open
repository)

Nextstrain project
(open access)

CDC / GenBank sub-
mission archive

Nigeria Centre for Dis-
ease Control (NCDC)

ssi/#/

https://bv-brc.
org/

https//www.
ncbi.nim.nih.
gov/gds

https://bmcge
nomics.biome
dcentral.com/
articles/10.118
6/1471-2164-1
5-960
https://figsha
re.com/article
s/dataset/791
1068

https:.//
zenodo.org/re-
cords/7309567
https://nextst
rain.org/blog/
2025-02-21-ra
bies-lassa-yell
ow-fever-reso
urces
https://wwwn
c.cdc.gov/eid/
article/24/3/p
dfs/17-1905-c
ombined.pdf
https://
dataportal.
ncdc.gov.ng/
dataset
https://ncdc.
gov.ng/

2. Transcriptomic and immunological datasets: Host-response and vaccine-related
transcriptomic data are increasingly available through repositories such as the Gene
Expression Omnibus (GEO). Studies profiling immune responses to hemorrhagic
fever viruses have revealed key transcriptional signatures that inform vaccine design
and immunomodulation strategies. For example, Wang et al. [155] profiled vaccine-
induced immune responses in humans and non-human primates, providing analytical
templates for LASV vaccine research. Likewise, Caballero et al. [156] generated
transcriptome profiles of cells infected with Lassa and Marburg viruses, offering
critical insights into early host-pathogen interactions and differential gene regulation.

Such datasets underpin supervised and unsupervised learning approaches used to

Page 31 of 43


https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/
https://bv-brc.org/
https://bv-brc.org/
https://www.ncbi.nlm.nih.gov/gds
https://www.ncbi.nlm.nih.gov/gds
https://www.ncbi.nlm.nih.gov/gds
https://bmcgenomics.biomedcentral.com/articles/10.1186/1471-2164-15-960
https://bmcgenomics.biomedcentral.com/articles/10.1186/1471-2164-15-960
https://bmcgenomics.biomedcentral.com/articles/10.1186/1471-2164-15-960
https://bmcgenomics.biomedcentral.com/articles/10.1186/1471-2164-15-960
https://bmcgenomics.biomedcentral.com/articles/10.1186/1471-2164-15-960
https://bmcgenomics.biomedcentral.com/articles/10.1186/1471-2164-15-960
https://figshare.com/articles/dataset/7911068
https://figshare.com/articles/dataset/7911068
https://figshare.com/articles/dataset/7911068
https://figshare.com/articles/dataset/7911068
https://zenodo.org/records/7309567
https://zenodo.org/records/7309567
https://zenodo.org/records/7309567
https://nextstrain.org/blog/2025-02-21-rabies-lassa-yellow-fever-resources
https://nextstrain.org/blog/2025-02-21-rabies-lassa-yellow-fever-resources
https://nextstrain.org/blog/2025-02-21-rabies-lassa-yellow-fever-resources
https://nextstrain.org/blog/2025-02-21-rabies-lassa-yellow-fever-resources
https://nextstrain.org/blog/2025-02-21-rabies-lassa-yellow-fever-resources
https://nextstrain.org/blog/2025-02-21-rabies-lassa-yellow-fever-resources
https://wwwnc.cdc.gov/eid/article/24/3/pdfs/17-1905-combined.pdf
https://wwwnc.cdc.gov/eid/article/24/3/pdfs/17-1905-combined.pdf
https://wwwnc.cdc.gov/eid/article/24/3/pdfs/17-1905-combined.pdf
https://wwwnc.cdc.gov/eid/article/24/3/pdfs/17-1905-combined.pdf
https://wwwnc.cdc.gov/eid/article/24/3/pdfs/17-1905-combined.pdf
https://dataportal.ncdc.gov.ng/dataset
https://dataportal.ncdc.gov.ng/dataset
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classify disease severity, identify prognostic biomarkers, and integrate multi-omic
data for improved diagnostic models.

3. Clinical and epidemiological data: Clinical and population-level datasets provide
essential ground truth for validating predictive models. The Kenema Government
Hospital (KGH) dataset in Sierra Leone contains long-term serological and clinical
records of confirmed LASV infections, supporting studies on viral load, immune status,
and mortality predictors [157]. Complementing this, recent epidemiological data from
Nigeria, such as those described by Dambazau [158], document spatiotemporal trends
in confirmed Lassa-fever cases during the 2024 outbreak in Kaduna State. Aggregated
national reports from the Nigeria Centre for Disease Control (NCDC) further include
weekly case counts, fatality rates, and geographic distribution patterns useful for
spatiotemporal modeling and reinforcement-learning simulations. Collectively, these
datasets enable modelers to evaluate detection accuracy and sensitivity across varied
epidemiological settings.

4. Integrated and visualization platforms: Integrated bioinformatics resources such as
Nextstrain combine publicly deposited genomic sequences with curated metadata to
produce real-time phylogenetic visualizations of LASV evolution [159]. These open
frameworks enhance reproducibility by allowing Al models to ingest harmonized
sequence data and temporal annotations for training dynamic phylogeographic
networks. Additionally, research into intracellular receptor pathways provides
molecular context for Al-assisted feature engineering; for instance, Jae and
Brummelkamp [160] identified host factors involved in hemorrhagic fever virus entry,
contributing to the annotation of genomic and proteomic datasets accessible through
NCBI and BV-BRC.

Overall, the datasets outlined in Table 12 collectively provide genomic, transcrip-
tomic, and epidemiological foundations for data-driven modeling of Lassa fever. While
their availability represents major progress in open science, persistent gaps remain in
data completeness, geographic representation, and standardized metadata annotation.
Expanding cross-border data sharing-while observing ethical, privacy, and consent
frameworks-will be key to improving the robustness and generalizability of future Al-
driven Lassa-fever studies.

5 Performance constraints, future directions, and emerging trends

Ongoing advancement and refinement of Al methods are essential for promoting more
effective, ethical, and responsible applications in public health. Nevertheless, several
obstacles, such as concerns over data privacy, bias, and whether diverse, high-quality
datasets are available, which must be addressed to fully realize the benefits of Al while
upholding ethical principles. Progress in this domain will depend on coordinated efforts
among policymakers, healthcare practitioners, and technology developers, who will
address these barriers and expand Al's impact in healthcare.

Through thoughtful implementation and international cooperation, Al is poised to
play a key role in enhancing preparedness and improving equity in responses to future
public health emergencies. This section introduces the core challenges and emerging
developments that are shaping Al performance and adoption in this evolving field.
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Fig.4 Constraints in Al adoption for Lassa fever management

5.1 Performance constraints
Fig. 4 depicts key challenges impacting how Al systems perform in the context of Lassa

fever management.

1. Data quality and availability: Al outcome reliability is largely determined by the quality

and completeness of the data used during training and validation. When data are
inconsistent, insufficient, or biased, model performance is often degraded, resulting
in unreliable predictions. To enhance the reliability of Al systems, the establishment
of unified and standardized data collection practices is considered essential [161].
In outbreak-prone and resource-limited settings-such as those observed during the
Ebola epidemic-data collection has frequently been conducted in a fragmented or
incomplete manner [163, 164], thereby undermining model accuracy [165].

. Scalability and computational requirements: Implementing Al models typically
demands high computational power and robust infrastructure-resources that are
scarce in many low-income or remote settings [81, 165]. Without reliable internet,
sufficient processing capacity, or adequately trained personnel, deploying Al solutions
becomes impractical. Additionally, biased training data can perpetuate inequities,
especially in areas like treatment discovery where model outputs may not generalize
across diverse populations [166].

. Interpretability and explainability: Many advanced Al systems function as "black
boxes," providing limited insight into their internal reasoning processes. This lack
of transparency can hinder trust among clinicians and stakeholders. Implementing
explainable Al frameworks can improve user confidence and facilitate accountability
in decision-making [20].

. Ethical and privacy considerations: The use of sensitive health data introduces
significant ethical and legal risks. Issues such as privacy breaches, unauthorized data
usage, or unintended consequences from model outputs necessitate strict adherence
to privacy-preserving protocols and ethical AI standards [148]. Recent advances
in privacy-preserving and ethical-AI methods provide actionable strategies to
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mitigate bias, protect patient data, and strengthen community trust in Lassa-fever
research. Differential privacy (DP) mechanisms, which introduce statistical noise to
model outputs or gradients, have been successfully piloted in African health data-
sharing initiatives to ensure compliance with local and international data-protection
laws while maintaining analytical validity [167]. In parallel, federated-learning (FL)
frameworks have been evaluated across multiple healthcare institutions in Africa
to train Al models collaboratively without exchanging raw data [168, 169]. These
deployments showed that FL can harmonise heterogeneous electronic-health-record
(EHR) sources for disease surveillance while satisfying cross-border ethical-review
requirements. Moreover, federated learning (FL) enables multi-institutional model
training without exchanging raw records. Large, real-world healthcare deployments
during COVID-19 demonstrated that FL improves generalizability across hospitals
while keeping data local, and recent African pilots (e.g., chest-imaging networks
across several countries) show feasibility in low-resource settings relevant to West
Africa [170]. These patterns suggest FL is a viable option where raw EHRs cannot
leave facilities such as Kenema Government Hospital or Nigerian referral centers
[170]. Furthermore, community-engagement and consent frameworks developed
during Ebola responses in Sierra Leone offer grounded governance mechanisms (e.g.,
community liaison teams, consent dialogues, feedback loops) that increase trust and
clarify data-use boundaries for surveillance and research and these align with WHO
outbreak-ethics guidance and can be adapted to Lassa fever [171].

5. Integration with existing health eystems: Effective implementation of Al tools
requires seamless integration into current healthcare infrastructure. This can be
hindered by lack of interoperability standards, resistance to new technologies, and
the need for specialized training among healthcare professionals [146, 172]. Ensuring
coordinated interaction between Al and conventional medical workflows is essential
for maximizing benefit.

6. Misinformation and disinformation: During pandemics, the spread of false
information can significantly undermine public health efforts. Al-based tools can
support early detection of misinformation and assist in managing targeted public
education campaigns to mitigate its effects [145].

7. Cybersecurity threats: Al systems used in healthcare are increasingly vulnerable to
cyberattacks, including data breaches and adversarial inputs. Robust cybersecurity
frameworks are needed to protect patient data and maintain system trustworthiness
[161].

8. Biasand discriminatory outcomes: If not properly monitored, Al models may replicate
or even amplify existing societal biases, disproportionately impacting vulnerable or
marginalized groups. Regular audits and bias mitigation techniques are essential to
promote fairness [150].

9. Job displacement and overdependence on technology: The expansion of Al in
healthcare raises concerns about automation replacing human roles and excessive
reliance on technology. Workforce reskilling and balanced integration strategies are
needed to ensure sustainable and ethical deployment [35].
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5.2 Future directions and emerging trends

Al is increasingly recognized as a transformative tool in the fight against Lassa fever,

offering innovative approaches for early detection, prevention, and disease control. As

Al technologies continue to evolve, various forward-looking strategies and trends are

emerging, with significant potential for improving Lassa fever response and manage-

ment [35, 161, 173-176]. This section explores future research directions and promising

developments identified in current literature, and these are identified as follows:

1.

Advances in disease surveillance and predictive Modeling Machine learning-powered
predictive systems are expected to improve disease monitoring by enabling earlier
identification of outbreak signals [173, 174]. These systems can synthesize data from
diverse sources, such as weather patterns, demographics, and historical case reports,
to estimate outbreak risk and guide public health interventions. The integration of
Internet of Things (IoT) sensors will further strengthen real-time data acquisition,
boosting prediction accuracy [35].

Next-generation diagnostic tools Al-based diagnostic platforms are being developed
to support rapid Lassa fever detection, even in settings with limited infrastructure.
Innovations such as portable biosensors, automated laboratory devices, and
Al-enhanced test kits are expected to enable quicker, point-of-care diagnostics.
Additionally, Al can assist in analyzing genomic data to detect viral mutations,
supporting the design of more accurate diagnostic solutions [176].

Tailored treatments and vaccine innovation Personalized healthcare, supported by
AlJ, has the potential to optimize Lassa fever treatment by leveraging individualized
clinical and genetic data [175]. Al-driven platforms can also expedite vaccine research
through candidate identification and simulation-based optimization, which can
reduce both development costs and timeframes [174].

Community education and outreach via Al tools Al-enabled technologies such
as mobile apps, intelligent chatbots, and social media analytics are playing an
increasing role in educating communities. These tools can disseminate timely and
localized information about symptoms, prevention, and treatment, while combating
misinformation. NLP technologies enhance accessibility by supporting multiple
languages and culturally relevant communication [35].

AT and remote healthcare integration Combining Al with telehealth services offers a
pathway to extend medical support to remote and underserved populations affected
by Lassa fever [173]. Al applications can assist in clinical decision-making, remote
diagnostics, and patient monitoring, enhancing access to timely and appropriate care
[175].

Ethical, regulatory, and trust considerations As Al is adopted more widely, it is critical
to address challenges related to data protection, algorithmic fairness, and user trust.
Developing clear ethical frameworks and privacy-preserving mechanisms, along with
stakeholder engagement, will be key to responsible implementation [176].
Strengthening research and local capacity Building interdisciplinary partnerships
across fields such as Al, epidemiology, virology, and public health will be essential
to tackle the complexity of Lassa fever [174]. Investment in local infrastructure, skill
development, and training will empower healthcare systems and communities to
harness Al technologies more effectively [35].
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8. Emerging techniques in Al research Recent innovations such as federated learning,
explainable AI, and reinforcement learning offer new opportunities for managing
Lassa fever [173]. Federated learning supports collaborative model development
without compromising privacy. Explainable Al fosters model transparency and trust,
while reinforcement learning offers dynamic strategies for managing resources and

interventions during outbreaks [175].

The future of Al in combating Lassa fever is poised for significant progress, driven by
technological innovation, ethical alignment, and interdisciplinary collaboration. By
addressing current limitations and embracing cutting-edge approaches, Al can play a
transformative role in reducing the disease burden in affected regions.

6 Conclusion

This review has presented an exploration of how artificial intelligence (AI) contributes
to epidemic management, with a particular emphasis on its application to Lassa fever,
a persistent and endemic health concern in West Africa. Through the lens of various
AI methodologies, we have explored their roles in enhancing surveillance, diagnostics,
and treatment strategies. Key successes include predictive analytics for outbreak detec-
tion and Al-driven innovations in vaccine development, showcasing the transforma-
tive role Al can play in epidemic response. Despite these advancements, there remain
considerable challenges to the effective integration of Al into epidemic control efforts.
These include data limitations, inconsistencies in data quality, significant computational
demands, scalability issues, and risks related to cybersecurity. In the context of Lassa
fever, these challenges are further exacerbated by limited epidemiological data and vari-
ability in disease presentation, which complicate the development and deployment of
Al-based tools. Overcoming these barriers requires coordinated engagement among
researchers, public health professionals, technology developers, and policy stakehold-
ers to ensure that Al solutions are ethically sound, trustworthy, and context-appropriate.
Future research should prioritize the creation of robust Al architectures that can man-
age data constraints, provide greater interpretability, and support scalable deployment.
Cross-disciplinary partnerships will be essential in tailoring AI innovations to local
healthcare needs and epidemiological realities. By promoting responsible implementa-
tion and fostering collaborative global efforts, AI can become an indispensable resource
in improving epidemic preparedness and health system resilience. In conclusion, this
review highlights the importance of sustained innovation and investment in Al-centered
approaches for epidemic control. When implemented strategically and ethically, Al
holds great promise for advancing global health security and enabling timely, equitable,
and proactive responses to future public health emergencies.
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