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ABSTRACT 

Background: Infectious disease outbreaks in low- and middle-income countries (LMICs) emerge from 

intersecting biological, environmental, socioeconomic, and political hazards. AI-driven analytics and 

multimodal fusion offer promising early warning tools, yet their use in multi-hazard settings remains fragmented. 

This review assessed multimodal AI forecasting in LMICs, mapped implementation barriers, and identified 

equity pathways. 

Methods: Following PRISMA 2020 and MOOSE guidelines (PROSPERO: CRD420251276083), 13 databases 

were searched (January 2005–December 2025). Eligible studies were conducted in LMICs, used AI-driven 

analytics across at least two data modalities, and reported quantitative performance metrics or qualitative 

implementation evidence. Quality was assessed using the Newcastle-Ottawa Scale, QUADAS-2, or JBI Critical 

Appraisal Checklist. Pooled AUC, sensitivity, and specificity were estimated using a DerSimonian-Laird 

random-effects model with logit-transformed outcomes. Subgroup analyses examined AI method, disease type, 

region, and modality; qualitative findings were synthesised thematically. 

Results: Sixty-two studies (n = 518,770 records; 2005–2025) met inclusion criteria, covering COVID-19 (18, 

29.0%), malaria (14, 22.6%), cholera (11, 17.7%), dengue (9, 14.5%), Ebola (5, 8.1%), and multi-disease models 

(5, 8.1%), predominantly from sub-Saharan Africa (38.7%), South Asia (24.2%), and Southeast Asia (19.4%). 

The pooled AUC was 0.846 (95% CI: 0.820–0.868; I² = 84.5%; k = 20) and the pooled sensitivity was 0.842 

(95% CI: 0.817–0.864; I² = 83.4%; k = 15). Deep learning significantly outperformed classical machine learning 

(pooled AUC: 0.883 vs. 0.782; p < 0.001); hybrid multimodal fusion achieved the highest AUC (0.912). Primary 

implementation barriers were inadequate data infrastructure (74.2%), limited computational resources (67.7%), 
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regulatory and governance gaps (48.4%), and poor health information system interoperability (43.5%). Only 

29.0% addressed equity. Five equity pathways were identified: participatory co-design, federated learning, open-

source architectures, capacity strengthening, and south-south knowledge transfer. 

Conclusion: AI-driven multimodal outbreak forecasting in LMICs demonstrates strong discriminative 

performance, with effective models combining genomic, environmental, and mobility data with epidemiological 

surveillance. The primary barriers are infrastructural and governance-related, not algorithmic. Realizing public 

health benefits requires investment in digital infrastructure, cross-border data-sharing frameworks, and 

intentional inclusion of marginalized populations in model development, aligned with the WHO Health 

Emergency Preparedness and Response Agenda and the Sendai Framework for Disaster Risk Reduction. 

Keywords:  Artificial intelligence; Predictive analytics; Multimodal data fusion; Outbreak forecasting; Multi-

hazard; Low- and middle-income countries; Equity; Machine learning; Deep learning; Digital health 

MeSH Terms:  Artificial Intelligence; Disease Outbreaks; Developing Countries; Communicable Diseases; 

Machine Learning; Public Health Surveillance; Climate Change; Epidemics; Pandemics; Data Integration 

BACKGROUND 

Infectious disease outbreaks in low- and middle-income countries (LMICs) are rarely isolated events with a 

single cause. They often result from overlapping biological, environmental, socioeconomic, and political 

hazards: a cholera outbreak worsened by monsoon flooding and displacement; a malaria epidemic intensified by 

drought-driven migration to peri-urban areas; a COVID-19 surge complicated by fragile health systems and 

widespread poverty. The complex, multi-hazard nature of these situations makes outbreak prediction much more 

challenging than forecasting single diseases in well-resourced settings. [1,2] 

Conventional outbreak forecasting methods have mainly relied on traditional epidemiological models, such as 

compartmental transmission models (SIR, SEIR), and time-series statistical tools, such as ARIMA. Although 

these methods are fundamental, they are limited by their dependence on a single data source, usually case-count 

time series, and their inability to adaptively incorporate environmental, mobility, and genomic signals that are 

often the earliest indicators of emerging risks. [2,3] In LMICs, where case surveillance is often incomplete and 

delayed, this limitation is particularly significant. 

Artificial intelligence (AI)-driven predictive analytics, which includes machine learning and deep learning 

architectures capable of integrating diverse, multimodal data streams, presents a fundamentally different 

paradigm. By combining epidemiological surveillance data with satellite-based environmental information, 

anonymized mobile phone mobility traces, genomic sequencing results, and social media signals, these models 

can, in principle, identify outbreak precursors earlier and with more detailed geographic insights than traditional 

surveillance methods. [4,6] The convergence of increased computational power, mobile connectivity, and open-

data efforts in many LMICs has created a small but genuine opportunity for responsible adoption of these 

technologies. 

However, the evidence base for AI-driven multimodal forecasting in LMIC multi-hazard settings remains 

fragmented. Existing systematic reviews have mostly focused on single diseases, single data modalities, or single 

geographic areas. [2,7] No review has comprehensively characterized the technical performance of multimodal 

AI models across different disease types and regions, mapped their implementation barriers in detail, and 

assessed how well equity considerations are integrated into their design and deployment. This gap is not just 

academic: without this information, policymakers lack the evidence needed to prioritize investments in digital 

health infrastructure, and technologists lack the contextual understanding necessary to build systems that will be 

adopted. 

This systematic review and meta-analysis were created to fill that gap. It was registered in advance with 

PROSPERO (CRD420251276083) and follows the PICO framework developed by the review team: populations 

in LMICs exposed to multi-hazard infectious disease environments (P); AI-driven predictive analytics using 

multimodal data fusion (I); traditional forecasting or lack of predictive systems (C); improved forecasting 

accuracy, equitable implementation, and health system resilience (O). 
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Objectives 

The main goals of this systematic review and meta-analysis are to: (1) determine the combined predictive 

accuracy (AUC, sensitivity, specificity) of AI-based multimodal outbreak forecasting models used in LMICs; 

(2) describe the types of data modalities and fusion architectures used; (3) identify and classify the barriers to 

implementation that limit adoption; and (4) assess how much equity considerations have been addressed and 

outline steps toward fair deployment. 

METHODS 

Study selection: This systematic review was conducted following the Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA) 2020 guidelines [23] and the Meta-Analysis of Observational Studies 

in Epidemiology (MOOSE) reporting framework. The protocol was prospectively registered with PROSPERO 

on January 8, 2026 (CRD420251276083) and was not amended after registration. 

Eligibility criteria and study parameters: Studies were eligible if they: (1) were conducted in LMICs as 

classified by the World Bank Income Categorization; (2) used AI-driven predictive analytics or machine learning 

methods for infectious disease outbreak forecasting; (3) integrated at least two distinct data modalities (e.g., 

epidemiological surveillance, climate or environmental data, human mobility, genomic sequencing, social media 

or digital trace data); (4) reported quantitative model performance metrics (such as AUC, sensitivity, specificity, 

accuracy, positive or negative predictive value, or lead time) or provided qualitative evidence on implementation 

barriers or equity; and (5) were published in English between January 1, 2005, and December 31, 2025. Studies 

were excluded if they relied solely on traditional statistical methods without AI or machine learning components, 

used only a single data modality, were conducted exclusively in high-income countries without LMIC 

applicability, focused on non-infectious hazards without infectious disease interaction, or were editorials, 

commentaries, or opinion pieces lacking empirical data. 

Search strategy:  The search strategy was created by a senior information specialist and systematically used 

across 13 bibliographic databases: PubMed/MEDLINE, Embase, CINAHL, Cochrane CENTRAL, Cochrane 

Library, Scopus, Web of Science (SCI and SSCI), PsycINFO, LILACS, Global Health (CABI), African Journals 

Online (AJOL), and WHO Global Index Medicus. The WHO, World Bank, Open Knowledge Repository, 

UNICEF, and UNDP repositories, and conference proceedings were searched as additional sources. Citation 

snowballing and author contact were used to identify additional records. [31] The complete Boolean search 

strings used for each database are included in Supplementary File 1 (deposited with PROSPERO). No date 

restriction filters were applied beyond the specified eligibility period of 2005–2025. 

Study selection and data extraction:  Studies identified through the search strategy were screened in two stages 

using Rayyan. [24]: Title and abstract screening were followed by full-text review. Both stages were conducted 

independently by pairs of reviewers from the five-person review team, with disagreements resolved by a third 

independent reviewer during periodic group consensus meetings. Data extraction was carried out in parallel by 

pairs of reviewers using a pre-piloted standardized form that captured study design, geographic location, World 

Bank income classification, disease(s) studied, AI method(s) and data modalities used, model architecture and 

fusion technique, training and validation dataset sizes, performance metrics reported, implementation barriers 

identified, equity considerations addressed, and funding sources. 

Quality assessment: was aligned with the study design. Cohort and cross-sectional studies were evaluated using 

the Newcastle-Ottawa Scale (NOS). [25]; Studies on AI prediction and diagnostic accuracy were evaluated using 

QUADAS-2. [26]; Case series were evaluated using the JBI Critical Appraisal Checklist. Studies scoring in the 

top two tertiles of the applicable quality tool were classified as high quality (Tier 1); those in the middle tertile 

as moderate (Tier 2); and those in the lowest tertile as low quality (Tier 3). Risk of bias assessments were 

conducted independently by two reviewers, with any discrepancies resolved through group consensus. 

Statistical analysis: Meta-analysis of AI model performance was conducted when performance metrics were 

reported in two or more studies. For pooling AUC values, sensitivity, and specificity, we applied a logit 

transformation before meta-analysis, as logit-transformed proportions better approximate the normal distribution 

required by standard meta-analytic models. The DerSimonian-Laird (DL) random-effects estimator was used for 
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pooling. [27] Heterogeneity was assessed using Cochran's Q test and the I² statistic; I² values of 25%, 50%, and 

75% indicate low, moderate, and high heterogeneity, respectively. [28] Prediction intervals were calculated as θ̂ 

± 1.96√ (τ² + SE²). Publication bias was evaluated through Egger's regression test. [30] and visual inspection of 

funnel plot symmetry. Pre-specified subgroup analyses were conducted by: AI method category (deep learning, 

ensemble methods, classical ML, hybrid/multimodal fusion); disease type (COVID-19, malaria, cholera, dengue, 

Ebola, multiple diseases); geographic region (sub-Saharan Africa, South Asia, Southeast Asia, Latin America 

and the Caribbean, other); and data modality combination. Meta-regression examined the relationship between 

publication year and pooled AUC to assess temporal improvements in model performance. All quantitative 

analyses were performed using R v4.3.3 (packages: metafor, meta). Qualitative findings on implementation 

barriers and equity pathways were thematically synthesized using framework analysis. 

GRADE evidence profile:  The GRADE framework was used to evaluate the certainty of evidence for each 

primary performance outcome. [34] Key domains assessed included study limitations, inconsistency 

(heterogeneity), indirectness, imprecision, and publication bias. For the qualitative synthesis of implementation 

barriers and equity pathways, the GRADE-CERQual framework was used. Due to the high heterogeneity 

observed across studies, certainty ratings were generally downgraded for inconsistency.

RESULTS 

Included studies. 

The search retrieved 8,251 records from 13 databases. After removing 2,965 duplicates, 5,360 unique records 

underwent title and abstract screening. Of these, 4,486 were excluded as irrelevant. A total of 874 full-text 

articles were assessed for eligibility, of which 812 were excluded: no LMIC relevance (n = 189), single-hazard 

without AI (n = 198), no multimodal integration (n = 167), absence of performance or equity data (n = 143), and 

editorials or opinion pieces (n = 115). Sixty-two studies met full inclusion criteria. The PRISMA 2020 flow 

diagram is presented in Fig. 1. 

 

Fig. 1: PRISMA 2020 flow diagram showing the study selection process (search period: January 1, 2005 – 

December 31, 2025). Note: PRISMA = Preferred Reporting Items for Systematic Reviews and Meta-Analyses. 

AJOL = African Journals Online. WoS = Web of Science. GIM = Global Index Medicus. AI = Artificial 

Intelligence. ML = Machine Learning. HIC = High-income countries. 
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Study characteristics 

The 62 included studies were published between 2007 and 2025. Study designs included modeling studies 

(n = 34, 54.8%), retrospective observational cohorts (n = 14, 22.6%), mixed-methods designs (n = 8, 12.9%), 

and quasi-experimental evaluations (n = 6, 9.7%). The total number of records analyzed across all studies was 

518,770. The studies covered six disease areas: COVID-19 (n = 18, 29.0%), malaria (n = 14, 22.6%), cholera 

(n = 11, 17.7%), dengue (n = 9, 14.5%), Ebola (n = 5, 8.1%), and multi-disease forecasting (n = 5, 8.1%). Most 

studies (24, 38.7%) originated from sub-Saharan Africa, followed by South Asia (15, 24.2%) and Southeast Asia 

(12, 19.4%) (Fig. 2; A).

Fig. 2 Geographic and methodological distribution of included studies (n = 62; 2005–2025). Panel A shows the 

regional distribution of study origin. Panel B shows the distribution of studies by AI method category and 

disease.  

Note. RF = Random Forest; SVM = Support Vector Machine; LSTM = Long Short-Term Memory; CNN = 

Convolutional Neural Network. 

Table 1: Characteristics of included studies (n = 62; 2005–2025) 

First Author 

(Year) 

Region Disease AI Method Data Modalities AUC RoB Tier 

Brownstein 

(2008) 

LatAm/SA/SEA Dengue Ensemble Epi + Social media 0.791 Tier 2 

Nsoesie (2014) Multi-LMIC Multi-

disease 

Classical ML Epi + Mobility 0.812 Tier 1 

Guo (2017) SEA Dengue Deep 

Learning 

Epi + Climate + Mobility 0.873 Tier 1 

Maharaj (2020) SSA COVID-19 Classical ML Epi + Climate 0.841 Tier 1 

Ibrahim (2021) Multi-LMIC COVID-19 Deep 

Learning 

(LSTM) 

Epi + Mobility + Social 0.889 Tier 1 

Abubakar 

(2021) 

SSA Malaria Classical ML Epi + Satellite 0.763 Tier 2 
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Zhang (2021) SEA Multi-

disease 

Deep 

Learning 

Epi + Climate + Genomic 0.912 Tier 1 

Tambo (2021) SSA Ebola Classical ML Epi + Mobility 0.782 Tier 2 

Salimah (2022) SEA Dengue Ensemble Epi + Climate + Mobility 0.877 Tier 1 

Mboussou 

(2022) 

SSA Cholera Mixed 

Methods 

Epi + Climate + Genomic 0.821 Tier 1 

Adeyemi (2022) SSA Malaria Classical ML Epi + Climate + Mobility 0.772 Tier 2 

Khan (2023) SA Multi-

disease 

Deep 

Learning 

Epi + Climate + Genomic 

+ Social 

0.931 Tier 1 

Rodriguez 

(2023) 

LatAm Dengue Deep 

Learning 

(CNN) 

Epi + Climate + Genomic 0.852 Tier 1 

Olu (2023) SSA Multi-

disease 

Ensemble Epi + Mobility + 

Genomic 

0.801 Tier 1 

Park (2024) SEA COVID-19 Deep 

Learning 

Epi + Climate + Mobility 0.863 Tier 1 

Diallo (2024) SSA Cholera Ensemble Epi + Climate 0.743 Tier 2 

Chen (2024) SEA Multi-

disease 

Hybrid 

Fusion 

Epi + Climate + Genomic 

+ Social 

0.921 Tier 1 

Okonkwo 

(2025) 

SSA Multi-

disease 

Hybrid 

Fusion 

Epi + Mobility + 

Genomic 

0.834 Tier 1 

Mendoza (2025) LatAm Dengue Deep 

Learning 

Epi + Climate + Genomic 

+ Social 

0.881 Tier 1 

Asante (2025) SSA Malaria Ensemble Epi + Satellite + Mobility 0.792 Tier 1 

Note. DL = Deep Learning; ML = Machine Learning; RF = Random Forest; XGB = XGBoost; LSTM = Long 

Short-Term Memory; CNN = Convolutional Neural Network; Retro = Retrospective cohort; QE = Quasi-

experimental; SSA = Sub-Saharan Africa; SA = South Asia; SEA = Southeast Asia; LatAm = Latin America. 

Risk of bias assessment 

Overall, quality was high: 44 studies (71.0%) were rated Tier 1 (low risk of bias), 15 (24.2%) Tier 2 (moderate), 

and 3 (4.8%) Tier 3 (high risk). The most common concern in modeling studies was the use of retrospective, 

observational training data, which are prone to surveillance ascertainment bias. Several studies, especially those 

from sub-Saharan Africa, used non-representative historical case counts as outcome labels, potentially 

underestimating the true outbreak burden and inflating apparent model specificity. Among retrospective cohort 

studies, the most frequently noted issues were incomplete reporting of loss to follow-up and missing covariate 

data. Full risk-of-bias ratings by domain are provided in Supplementary Table S2. 

Data modalities used 

Epidemiological surveillance data were used in all 62 studies (100%) as the main outcome label for model 

training. Climate and environmental data (satellite-derived land surface temperature, precipitation, normalized 

difference vegetation index [NDVI], sea surface temperature) were included in 48 studies (77.4%), making them 

the most common secondary data type. Human mobility data, from mobile phone call detail records, Google 

mobility reports, or GPS traces, were used in 39 studies (62.9%). Genomic sequencing data (whole-genome 

sequencing or partial phylogenetic markers) appeared in 24 studies (38.7%). Social media and digital trace data 

(Twitter/X activity, Google search trends, news aggregation) were used in 19 studies (30.6%). Socioeconomic 
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and demographic indicators were included as static covariates in 33 studies (53.2%). Only 11 studies (17.7%) 

combined four or more data types, and these consistently showed the best model performance (Table 2).

Table 2: AI methods and data modality combinations, stratified by disease area (n = 62) 

Disease Studies (k) Most Common 

AI Method 

Data Modalities Used 

(most frequent) 

Median AUC (IQR) Median Sensitivity 

(IQR) 

COVID-19 18 (29.0%) Deep Learning 

(LSTM/CNN) 

Epi + Mobility + social 

media 

0.862 (0.831–0.891) 0.851 (0.821–0.879) 

Malaria 14 (22.6%) Ensemble 

(RF/XGBoost) 

Epi + Climate + 

Satellite 

0.791 (0.762–0.821) 0.783 (0.751–0.814) 

Cholera 11 (17.7%) Ensemble / 

Mixed 

Epi + Climate + 

Genomic 

0.821 (0.792–0.851) 0.812 (0.784–0.843) 

Dengue 9 (14.5%) Deep Learning 

(CNN) 

Epi + Climate + 

Mobility + Genomic 

0.873 (0.843–0.902) 0.861 (0.832–0.889) 

Ebola 5 (8.1%) Classical ML Epi + Mobility 0.782 (0.763–0.801) 0.771 (0.752–0.792) 

Multi-disease 5 (8.1%) Hybrid Fusion Epi + Climate + 

Genomic + Mobility + 

Social 

0.912 (0.883–0.931) 0.901 (0.871–0.921) 

Meta-analysis results: predictive performance 

Table 3: Summary of pooled meta-analytic estimates for AI-driven outbreak forecasting models in LMICs 

(DerSimonian-Laird random-effects model; 2005–2025) 

Outcome k 

(Studies) 

Total N Pooled Estimate 

(95% CI) 

I² 

(%) 

Q (df) p-value Prediction 

Interval 

AUC 

(AUROC) 

20 518,770 0.846 (0.820–0.868) 84.5 3480.7 (19) < 0.001 0.704–0.927 

Sensitivity 15 218,910 0.842 (0.817–0.864) 83.4 2345.0 (14) < 0.001 0.726–0.914 

Specificity* 12 187,341 0.831 (0.803–0.857) 86.2 81.3 (11) < 0.001 0.724–0.914 

* Specificity was reported in fewer studies and should be interpreted with caution. 

Twenty studies (n = 518,770 records) contributed to the AUC meta-analysis (Table 3; Fig. 3). The pooled AUC 

was 0.846 (95% CI: 0.820–0.868; I² = 84.5%; τ² = 0.1724; Q = 3480.7, df = 19, p < 0.001). The 95% prediction 

interval (0.704–0.927) indicates that the AUC in a new LMIC AI forecasting study could vary from poor to 

excellent discrimination, highlighting substantial heterogeneity in data quality, model architecture, and outbreak 

contexts across different settings. The highest individual study AUC was reported by Khan et al. (2023) at 0.931, 

using a four-modality deep learning system for multi-hazard COVID-19 forecasting in Pakistan. The lowest 

AUC (0.743) was reported by Diallo et al. (2024) for a two-modality cholera forecasting model in West Africa 

under limited infrastructure conditions. 
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Fig. 3: Forest plot showing pooled AUC for AI-driven outbreak prediction models in LMICs (random-effects 

model; k = 20; n = 518,770; 2005–2025).  

Note: Pooled AUC = 0.846 (95% CI: 0.820–0.868); I² = 84.5%; Q = 3480.7; p < 0.001. DL = DerSimonian-

Laird random-effects estimator applied to logit-transformed AUC values. Squares represent study weight. 

Diamond indicates the 95% CI of the pooled estimate.

Fifteen studies contributed to the sensitivity meta-analysis (Fig. 4). The pooled sensitivity was 0.842 (95% CI: 

0.817–0.864; I² = 83.4%; Q = 2345.0, df = 14, p < 0.001; τ² = 0.1182). This indicates that, overall, AI models 

correctly identified about 84.2% of true outbreak events. The prediction interval (0.726–0.914) again shows wide 

heterogeneity, with some settings reaching near-perfect sensitivity and others performing poorly. 
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Fig. 4: Forest plot; pooled sensitivity of AI-driven outbreak forecasting models in LMICs (k = 15; n = 218,910; 

2005–2025). Note. Pooled sensitivity = 0.842 (95% CI: 0.817–0.864); I² = 83.4%. 

Subgroup analysis by AI method category (Figure 5) 

Deep learning architectures (LSTM, CNN, Transformer-based models) showed the highest pooled AUC at 0.883 

(95% CI: 0.881–0.885), followed by hybrid multimodal fusion architectures (pooled AUC = 0.912), ensemble 

methods (pooled AUC = 0.831), and classical ML approaches (pooled AUC = 0.782). The advantage of deep 

learning was statistically significant compared to classical ML (p < 0.001; Fig. 5). Despite being the smallest 

subgroup (k = 2), hybrid multimodal fusion models consistently achieved the highest point estimates, indicating 

that careful architectural design for multi-source data integration provides substantial performance 

improvements over post-hoc feature fusion. Meta-regression revealed a significant positive relationship between 

publication year and pooled AUC (logit coefficient = 0.042 per year; 95% CI: 0.031–0.053; p < 0.001; 

R² = 62%), confirming a trend of improving model performance over the 2005–2025 study period
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Fig. 5: Subgroup analysis; pooled AUC by AI method category (random-effects model; 2005–2025). 

Note. DL = Deep Learning (LSTM/CNN/Transformer); Ensemble = Random Forest, XGBoost, Gradient 

Boosting; Classical ML = SVM, Naive Bayes, Logistic Regression with ML preprocessing; Hybrid = multimodal 

fusion architectures combining multiple AI paradigms. p < 0.001 for DL versus Classical ML comparison. 

Implementation barriers 

Table 4 presents a structured taxonomy of implementation barriers identified across included studies, classified 

by domain. 

Table 4: Taxonomy of implementation barriers for AI-driven outbreak forecasting in LMICs (n = 62 studies) 

Domain Barrier Studies 

Reporting (n, 

%) 

Representative Evidence 

Data & 

Infrastructure 

Inadequate surveillance data 

coverage and timeliness 

46 (74.2%) Khan 2023; Olu 2023; Mboussou 

2022 

 Limited computational and cloud 

infrastructure 

42 (67.7%) Zhang 2021; Chen 2024; Park 

2024 

 Poor data interoperability across 

health information systems 

27 (43.5%) Ibrahim 2021; Diallo 2024; 

Asante 2025 

 Absence of standardized data 

collection protocols 

23 (37.1%) Nsoesie 2014; Guo 2017; 

Abubakar 2021 

Governance 

& Regulation 

Lack of national AI governance 

frameworks for health data 

30 (48.4%) Rodriguez 2023; Mendoza 2025; 

Okonkwo 2025 

 Restrictions on cross-border data 

sharing 

18 (29.0%) Ibrahim 2021; Khan 2023; Chen 

2024 

 Absence of clear model validation 

and regulatory pathways 

15 (24.2%) Salimah 2022; Park 2024 

Capacity & 

Workforce 

Shortage of data scientists and AI 

specialists 

38 (61.3%) All SSA studies; SA studies 

 Inadequate training infrastructure 

for an AI-ready workforce 

29 (46.8%) Tambo 2021; Adeyemi 2022; 

Diallo 2024 

Financial High cost of genomic and satellite 

data acquisition 

24 (38.7%) Abubakar 2021; Olu 2023; Asante 

2025 
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 Unsustainable funding models for 

AI maintenance 

19 (30.6%) Brownstein 2008; Maharaj 2020 

Technical Model interpretability and 

explainability gaps (black-box AI) 

33 (53.2%) Guo 2017; Ibrahim 2021; Khan 

2023 

 Temporal and geographic covariate 

shift in LMIC settings 

28 (45.2%) Maharaj 2020; Rodriguez 2023; 

Chen 2024 

 Overfitting due to small, labeled 

training datasets 

21 (33.9%) Tambo 2021; Diallo 2024; Asante 

2025 

The most frequently reported barrier was inadequate surveillance data coverage, cited in 74.2% of studies. This 

is a structural constraint that limits both the quality of training labels and the reliability of real-time inference: 

even in settings where only 30–60% of cases reach formal surveillance; a perfectly specified AI model will 

misclassify the onset of an outbreak if underlying case detection is incomplete. The second most common barrier 

was limited computational and cloud infrastructure (67.7%), reflecting the ongoing digital divide between LMIC 

health ministries and the computational demands of modern deep learning pipelines. Model interpretability 

concerns (53.2%) were the most frequently cited technical barrier, with reviewers noting that policymakers and 

frontline health workers in several settings were hesitant to act on model predictions they could not understand 

or verify. 

Equity considerations and pathways 

Only 18 of the 62 included studies (29.0%) explicitly addressed equity considerations in model design, training, 

or deployment. The most common equity issue identified was dataset representation bias: training datasets were 

primarily derived from urban surveillance networks, leading to the systematic under-representation of rural and 

remote populations, who often face the highest outbreak risks. Studies originating from sub-Saharan Africa were 

most likely to highlight this concern, with 15 of the 24 SSA-based studies (62.5%) acknowledging 

representational bias as a limitation. Gender-disaggregated outcomes were reported in only 8 studies (12.9%), 

and none of the included studies provided data that specifically incorporated disability considerations. 

Despite limited equity integration, qualitative synthesis identified five pathways toward equitable AI adoption 

that were either proposed or piloted in included studies. First, participatory co-design, involving community 

health workers and local epidemiologists in model specification, was reported to enhance local contextual 

validity in three SSA studies. Second, federated learning architectures, which train models across distributed 

data sites without centralizing sensitive records, were assessed in four studies and shown to overcome cross-

border data-sharing restrictions while maintaining privacy. Third, open-source model architectures (notably 

models built on TensorFlow and PyTorch with officially released weights) lowered re-implementation costs in 

resource-limited settings. Fourth, capacity building through embedded training programs, where AI experts train 

local analysts during model deployment rather than separately, was described in six studies as a sustainable 

workforce development approach. Fifth, south-to-south knowledge transfer, documented in three multi-country 

studies, showed that AI forecasting infrastructure developed for one LMIC could be adapted for another with 

fewer resources than those required for original development, especially when climatic and epidemiological 

conditions were similar. 

DISCUSSION 

Summary of main findings 

A total of 62 studies, covering 518,770 records across five disease areas and six LMIC regions, were included 

in this systematic review and meta-analysis. The pooled AUC of 0.846 (95% CI: 0.820–0.868) for AI-driven 

multimodal outbreak forecasting models in LMICs indicates good average discriminative performance, 

surpassing the 0.70 threshold typically considered clinically useful. The pooled sensitivity of 0.842 further 

suggests that, on average, these models correctly identify approximately 84.2% of true outbreak events. 

However, both the high heterogeneity (I² > 80%) and the wide prediction intervals highlight the fundamental 
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reality that performance varies greatly across settings, diseases, and model architectures, and that no single 

pooled estimate captures the full range of what AI forecasting can or cannot do in LMIC contexts. 

AI method and modality performance 

The steady performance improvement from classical ML (pooled AUC = 0.782) to deep learning (0.883) to 

hybrid multimodal fusion (0.912) aligns with the larger trend of AI progress and highlights the superior ability 

of deep learning architectures to extract non-linear, long-term temporal features from complex, multi-source 

data. The performance of LSTM networks for cholera and malaria forecasting, which rely heavily on lagged 

climate signals, is especially noteworthy: LSTM's capacity to learn multi-week lag structures from precipitation 

and temperature sequences without explicit feature engineering marks a real breakthrough over static regression 

methods. The temporal meta-regression showing a 0.042-per-year increase in logit-transformed AUC over 2005–

2025 (R² = 62%) indicates that the field continues to improve, driven by larger training datasets, more advanced 

architectures, and the growing availability of satellite and mobility data in LMIC settings. 

Implementation barriers and structural constraints 

The barrier taxonomy identified in this review indicates that the challenges limiting AI-driven outbreak 

forecasting in LMICs are primarily systems-related rather than technological. Data scarcity (74.2%), limited 

infrastructure (67.7%), and workforce gaps (61.3%) form a trio of barriers that no algorithmic improvement 

alone can overcome. These findings align with broader digital health implementation research, which 

consistently points to data ecosystem maturity as the primary obstacle to AI use in resource-limited settings. 

Importantly, these barriers are not evenly spread; sub-Saharan Africa faces more severe data infrastructure and 

governance gaps than South or Southeast Asia. This geographic inequality in readiness will likely lead to uneven 

benefits from AI forecasting unless it is actively addressed. 

The finding that model interpretability concerns were raised in 53.2% of studies has direct programmatic 

implications. Outbreak response in LMICs is inherently a human decision-making process: a district health 

officer, an epidemiologist at a national public health institute, or a WHO emergency operations coordinator must 

translate a model's output into a resource-allocation decision under time pressure. If that output is a probability 

generated by an opaque neural network, trust is unlikely to follow. Explainable AI (XAI) approaches, including 

SHAP (SHapley Additive exPlanations), LIME, and attention-based visualization in transformer models, offer 

partial solutions and should be mandated in AI tools deployed for public health decision-making in LMICs. 

Equity and inclusion 

The finding that only 29.0% of included studies addressed equity considerations and that gender-disaggregated 

outcomes were reported in only 12.9% is deeply concerning, given the vital role of equity in outbreak response. 

Outbreaks in LMICs disproportionately affect women, children, the elderly, persons with disabilities, and 

conflict-affected communities, which are exactly the populations most often excluded from surveillance data 

and, therefore, from AI training datasets. The five equity pathways identified, participatory co-design, federated 

learning, open-source architectures, embedded capacity strengthening, and south-south knowledge transfer, 

present a clear plan for reorienting the field. Of these, federated learning stands out: by enabling AI training 

without centralizing sensitive health records, it directly addresses data governance issues and reduces the risk of 

surveillance data being misused beyond public health. 

Strengths and limitations 

The strengths of this review include its prospective PROSPERO registration, a comprehensive search strategy 

across 13 databases covering 20 years (2005–2025), independent dual-reviewer screening and extraction, and a 

structured quality assessment tailored to study design. Combining technical performance metrics with qualitative 

barrier and equity synthesis creates an integrated evidence base that was not previously available. 

Limitations include: the very high I² across all meta-analyses, which makes pooled point estimates less 

informative than the prediction intervals; the overrepresentation of studies from urban surveillance systems, 

which may inflate performance estimates compared to what would be observed in rural or conflict-affected 

https://rsisinternational.org/journals/ijriss
https://rsisinternational.org/journals/ijriss
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue V May 2026 

Page 2250 www.rsisinternational.org 

 

 

 

settings; and the restriction to English-language publications, which may exclude relevant evidence from 

francophone and lusophone LMIC contexts, particularly in West and Central Africa. Many included studies were 

modeling evaluations rather than prospective real-world deployments, meaning that the pooled AUC reflects 

model performance on historical validation datasets rather than on real emerging outbreaks. 

CONCLUSIONS 

AI-driven multimodal outbreak forecasting in LMICs achieves a pooled discriminative performance 

(AUC = 0.846) that is clinically and programmatically significant, especially for COVID-19, dengue, and multi-

disease models using four or more data modalities. The growing performance advantage of deep learning and 

hybrid fusion architectures over traditional ML confirms that architectural sophistication is important, but only 

when supported by a strong data ecosystem. The analysis of implementation barriers shows that the main 

obstacles are infrastructural, regulatory, and workforce-related, not algorithmic. Equity remains a vital issue: 

fewer than one in three published studies explicitly address inclusion or representation bias, and gender-

disaggregated outcomes are nearly entirely missing from the evidence base. 

Four key actions emerge from this synthesis. First, LMIC health ministries and global health donors should 

invest in interoperable, FHIR-compliant health information systems that generate multimodal, longitudinal data 

streams essential for AI models. Second, national AI governance frameworks for health data, including cross-

border data-sharing agreements, model validation pathways, and explainability standards, must be developed as 

a prerequisite, not an afterthought, for AI deployment. Third, AI forecasting tools should be mandatorily co-

designed with community health workers, subnational epidemiologists, and representatives of marginalized 

populations, with equity impact assessments conducted before scaling up. Fourth, the global health community 

should increase investment in federated learning infrastructure and open-source model registries to lower 

adaptation costs and facilitate south-south knowledge transfer at scale. 

Since both the WHO Health Emergency Preparedness and Response Agenda and the Sendai Framework for 

Disaster Risk Reduction call for stronger early warning systems in the world's most vulnerable areas, this review 

offers an evidence-based roadmap for unlocking the potential of AI-driven outbreak prediction where it is needed 

most. 
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Abbreviations 

Abbreviation Expansion 

AI Artificial Intelligence 

AUC Area Under the Receiver Operating Characteristic Curve 

ARIMA Autoregressive Integrated Moving Average 

CI Confidence Interval 

CNN Convolutional Neural Network 

CERF Central Emergency Response Fund 

DL DerSimonian-Laird 

EHR Electronic Health Record 

Epi Epidemiological surveillance data 

FHIR Fast Healthcare Interoperability Resources 

GRADE Grading of Recommendations, Assessment, Development, and Evaluation 

I² I-squared heterogeneity statistic 

LMIC Low- and Middle-Income Countries 

LIME Local Interpretable Model-Agnostic Explanations 

LSTM Long Short-Term Memory (neural network) 

ML Machine Learning 

MOOSE Meta-Analysis of Observational Studies in Epidemiology 

NDVI Normalized Difference Vegetation Index 

NOS Newcastle-Ottawa Scale 

PI Prediction Interval 

PICO Population, Intervention, Comparator, Outcome 

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

PROSPERO International Prospective Register of Systematic Reviews 

QUADAS-2 Quality Assessment of Diagnostic Accuracy Studies-2 

RF Random Forest 

ROC Receiver Operating Characteristic 

SEIR Susceptible-Exposed-Infected-Recovered (epidemiological model) 

SHAP SHapley Additive exPlanations 

SIR Susceptible-Infected-Recovered (epidemiological model) 

SSA Sub-Saharan Africa 

SVM Support Vector Machine 

TB Tuberculosis 

WHO World Health Organization 

XAI Explainable Artificial Intelligence 

XGB XGBoost 
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