


Systematic Review Article

Applications of Artificial Intelligence in Infectious Disease Surveillance and Outbreak Predictions: Machine Learning Approaches and Public Health Implications

Abstract
Background: Infectious diseases still cause millions of deaths every year, and traditional surveillance systems are often slow, miss cases, and delay outbreak detection. Machine learning (ML) offers new ways to monitor diseases and predict outbreaks faster using data like cases, weather, and movement. 
Objective: The aim of this review is to summarize ML approaches used for surveillance and prediction of infectious disease outbreak.
Methods: This systematic review followed PRISMA 2020 guidelines. We searched PubMed/MEDLINE, Embase, Scopus, Web of Science, and Google Scholar from 2020, to the most recent records. We included only original peer-reviewed studies in English that used ML for population-level surveillance or outbreak prediction in human infectious diseases, with clear performance metrics and public health discussion. Two reviewers screened titles/abstracts and full texts independently. Risk of bias was checked with PROBAST. Narrative synthesis was used because studies varied in several aspect.
Results: From thousands of records, 15 high-quality studies were included using highlighted criteria. They focused on dengue and respiratory viruses like COVID-19 and influenza. Tree-based models (XGBoost, Random Forest) were used most (80%), Deep learning (LSTM, Transformer) appeared in 47% of studies for time-series monitoring of respiratory viruses, with good accuracy. Hybrid/ensemble models often performed best. ML helped early warnings (5–14 days lead time) and worked with real data from several countries. Surveillance was improved in 12 studies, and prediction was strong in all 15 studies included. Public health benefits included better resource use and integration into national systems, but challenges were data bias, privacy, and equity.
Conclusion: Machine learning showed usefulness relatively accurate and useful for faster surveillance and outbreak prediction of infectious diseases. More work is needed on real-world testing, reducing bias, and making models easy to understand so they can be used fairly everywhere.
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1. INTRODUCTION
[bookmark: _Hlk224747498]Infectious diseases are one of the greatest threats to global health. Millions of deaths and an enormous amount of suffering are still being inflicted each year by these diseases as major strides in medicine, vaccines and public health measures have not been able to counter the diseases (Nickol and Kindrachuk, 2019; Zamagni et al., 2024). Infectious illnesses account for a significant number of deaths around the world. according to the latest estimates of recent Global Burden of Disease (GBD) study and the World Health Organization (WHO) (Zhang et al., 2023). In fact, the leading infectious disease was lower respiratory infections (including pneumonia) that killed approximately 2.5 million people in 2023 (Cilloniz et al., 2024). In 2024, tuberculosis was probably the most fatal single infectious disease, with some 1.25 million fatalities (Alawyia et al., 2024; Suvvari, 2025). Other significant burdens are diseases such as HIV/AIDS, malaria, cholera, measles, dengue, and others such as highly pathogenic avian influenza (H5N1). This problem is worsened by outbreaks and epidemics. The world has in recent years witnessed mass outbreaks of cholera (more than 601,845 cases and 7,671 deaths reported in 2025 across most countries, particularly Africa) (World Health Organization, 2025) and measles (cases increasing and an estimated 95,000 deaths in 2024, mostly in children) (Montero et al., 2024; Minta et al., 2024) as well as outbreaks of vectors such as dengue and chikungunya invading new locations (Alawyia et al., 2024; World Health Organization, 2025;Aborode et al., 2025).
These incidents illustrate the speed at which diseases can be transmitted through several factors such as traveling, climate change, urbanization and poor health systems in certain areas (Odagami et al., 2023; Bai et al., 2025). This is majorly so in the low- and middle-income countries, particularly the sub-Saharan African countries, that experience the worst rates of mortality and morbidity due to these diseases (Nuvey et al., 2022; Serre-Delcor et al., 2016). The conventional surveillance systems are important in monitoring the infectious diseases. Such systems tend to be dependent on physicians, laboratories, and health centers to report verified cases to the health departments (Deen, 2023). This has been used to manage most of the diseases over time (Matsena-Zingoni et al., 2024). Nonetheless, there are a number of significant limitations to it. Most of the cases, particularly the mild cases are never reported due to ignorance, time constraint on the health workers or the ineffective reporting mechanisms (Gilmour and Walls, 2023; Carson et al., 2024). This results in the delay of the identification of outbreaks and the initiation of control activities. Also, the cases reported are not usually representative. Serious cases that require hospital services are prone to be reported more than mild cases in the society which may create an incorrect impression of how serious or prevalent an illness is. Furthermore, conventional systems can be slow (Matsena-Zingoni et al., 2024).
These weaknesses create a serious problem: data collection, reporting, and analysis are slow, and outbreaks can increase before anyone notices. Lastly, such systems tend to operate separately, with minimal exchange of information between human, animal, and environmental data sources, and it is difficult to identify the first indications of the impending danger, such as zoonotic diseases (those that pass on between animals and humans). Due to these shortcomings, the world requires more effective instruments of detecting and predicting the threats of infectious diseases more quickly and precisely (Orobator et al., 2025).
Review of Artificial intelligence and Machine Learning System in Outbreaks of Infectious Diseases
Artificial intelligence (AI) and machine learning (ML) in epidemiology have become increasingly popular over the years(Omale et al., 2025). The first attempts at this started in the 1970s with the use of expert systems such as MYCIN, which assisted in diagnosing bacterial infections and prescribing treatments, both based on rule-based logic (Hasman et al., 2022). Such systems as the Early Aberration Reporting System of the CDC as early as the 1990s and early 2000s also employed statistical techniques in the identification of unusual patterns in syndromic data to detect outbreaks, partly due to bioterrorism concerns (Ayeyemi et al., 2025)
One of the most significant moves was made in the late 2000s through the use of internet-based tools. An example of the strength of big data was Google Flu Trends (2008) (Hochman et al., 2021), which attempted to forecast the flu by using search queries, but was ultimately shut down in 2015 because of overestimation (it also failed) (Wong et al., 2019). About the same period, HealthMap (2006) started to work on gathering news and reports of online sources to monitor outbreaks around the world. More ML applications were developed in the 2010s. Scientists began applying algorithms such as the random forest and support vector machine to prediction and deep learning models (such as recurrent neural networks) to time-series prediction. The COVID-19 pandemic (2020 onwards) accelerated them significantly (Warnat-Herresthal et al., 2021).
ML models were applied extensively during the pandemic, including to predict cases, hospitalizations, and deaths, process mobility, social media, and genomic sequences. This era accentuated the power of AI to process big and real-time data and assist in decision-making. In the middle of the 2020s, such sophisticated tools as transformers, hybrid models, and ensemble methods are standard, and they are usually complemented by a variety of data sources to improve surveillance and prediction. In most epidemic forecasting problems, machine learning has obvious benefits compared to more traditional statistical models (ARIMA, Poisson regression, or compartmental models such as SIR/SEIR) (Lu and Borgonovo, 2023; Martin et al., 2025). The conventional models are effective when the data meet distinct pattern and assumptions (such as linearity or certain distributions) (Srivastava et al., 2025). They are short, simple to interpret and require less data. Nevertheless, infectious disease data tends to be complicated: non-linear dependencies, many variables (weather, mobility, population density), values missing, and abrupt transitions due to new variants or behaviors (Angeli et al., 2022). Here, ML is very effective since it is able to achieve complex patterns automatically without any rigid suppositions. The XGBoost, random forests, LSTMs, transformers, among other models, are high-dimensional, allow non-linear relations, and adjust to evolving circumstances (Ayo-ige & Botwe, 2026). ML is also more suited to large, unstructured data such as social media, satellite images or electronic health records (Martin et al., 2025). Research indicates that ML tends to make more precise forecasts, particularly on longer horizons or where a number of pathogens are involved. As an example, ensemble ML can use multiple approaches to achieve greater results than a single traditional model. With that said, conventional models are still applicable in terms of their transparency and when data are scarce. A combination of the two is usually the best way to do it(H et al., 2023). Although more and more studies regarding AI/ML are conducted in the area of infectious diseases, some gaps are observed in the literature. Numerous reviews are based on a single disease (such as COVID-19) or a single aspect (such as diagnosis or forecasting), however, relatively few reviews are based on surveillance and real-time prediction of outbreaks. Synthesis is also less in several pathogens (viral, bacterial, vector-borne) or environments (high-income vs. low-resource countries). Recent critiques have noted issues such as data bias, model explainability, privacy concerns, and no real-world implementation, but seldom consider in detail how it relates to public health, such as how to integrate into national systems, whether it is cost-effective, and whether it is equitable (Rajpurkar et al., 2022; Elendu et al., 2023). This makes it possible to have a more comprehensive revised look.

2. Methods
2.1 Study Design and Protocol
This study is a systematic review examining original research on Artificial Intelligence and machine learning applications specifically for infectious disease surveillance and outbreak prediction. The review adheres to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines (Page et al., 2021) to ensure transparent, reproducible, and unbiased reporting. To minimize bias, a risk of bias assessment was conducted and documented. 
2.2 Inclusion and Exclusion Criteria
The PICOS framework was used to select the studies, and it encompasses population, intervention/exposure, comparator, outcomes, and study design. Studies focused on any human infectious disease, viral, bacterial, parasitic, vectors, or Zoonotic were included in the population. Studies that included only animal diseases or only plant diseases were excluded. The intervention or exposure is to apply machine learning algorithms, such as supervised, unsupervised and deep learning algorithms, ensemble algorithms or hybrid algorithms, to surveillance (such as anomaly detection, syndromic monitoring or early warning systems) or to predict and forecast outbreaks and epidemics (such as estimating the number of cases, when an epidemic peaks, or risk mapping). No comparator was needed, but where available, comparative studies of machine learning strategies with traditional ones (such as ARIMA or SIR/SEIR models) were identified. Primary outcomes were the measures of model performance and measures of surveillance or prediction performance, whereas secondary outcomes included the sources of the data utilized, implications to the policy, and the status of deployment (retrospective use or real-time or prospective use). The study designs that were eligible had to be original peer-reviewed research articles that are either observational study, cohort studies, and modeling studies and published from and beyond 2020. Exclusion criteria included reviews, editorials, letters, conference abstracts, protocols, and non-peer-reviewed preprints (unless also published as full articles); studies that only used conventional statistical methods without any machine learning aspect; and those studies that could not be accessed in English; and those studies that did not provide a clear performance assessment or adequate description of study method.
2.3 Search Strategy
[bookmark: _Hlk224769488]To find the appropriate studies, a more detailed literature search was developed. Search was done on electronic databases, and current publications that covered PubMed/MEDLINE, Embase (Ovid), Scopus, Web of Science, and the first 200 results of Google Scholar to help find other grey literature. Other grey literature cited such as WHO IRIS, CDC reports, and those on preprint archives (arXiv and medRxiv) were also searched with any subsequently published full versions also requested should they meet the requirements. Search results were filtered by controlled free-text keywords (e.g., artificial intelligence, machine learning, deep learning, neural networks, random forest, XGBoost, LSTM, transformer model), infectious or communicable disease, and surveillance or prediction (e.g., early warning, forecasting, nowcasting and outbreak detection). The single search query (modified to fit other databases) used in PubMed was: machine learning OR artificial intelligence AND infectious disease OR communicable disease AND surveillance OR early warning or forecasting or prediction or outbreak detection. No language limitations were used during the first search, it was included only in the following full texts assessments.
Additional eligible studies were also obtained by hand-searching of reference lists of included studies and other relevant reviews by backwards and forward citation tracking
2.4 Study selection procedure
The choice of studies was made in two stages according to the PRISMA 2020 recommendations. Firstly, all the records on the searches were uploaded to Zotero reference management software. Duplicates were removed, The titles and abstracts were filtered against the predefined inclusion and exclusion criteria by two reviewers, who then discussed the disagreements or referred to a third reviewer. Full-text articles were accessed and assessed by two reviewers independently against the inclusion and exclusion criteria. Reasons for exclusion include: wrong focus, no machine learning or AI scope, no outcomes or non-original articles. Once again, any confusion was resolved by consensus or a third reviewer. The process of all the selection, the number of records found, filtered, rejected, and ultimately included was shown in a PRISMA flow diagram as figure 1.
2.5 Quality Assessment and Risk of Bias
The quality and risk of bias were evaluated with the help of PROBAST (Prediction model Risk Of Bias Assessment Tool), which was applicable to prediction-model studies, such as ML-based ones; the extension of PROBAST was used with AI-specific aspects where applicable. PROBAST spans four areas, namely participants (data sources/selection), predictors (feature handling), outcome (definition/measurement), and analysis (development, validation, performance, overfitting). Signalling questions assist in making low, high, or uncertain risk of bias judgments per domain, as well as concerns of applicability. Each of the included studies was rated independently by two reviewers, In cases of disagreement, a third reviewer was consulted. Findings are discussed in tables and description. There was no quality exclusion in any studies but high-risk results are taken with caution during synthesis.
2.6 Data Synthesis and Analysis
Narrative synthesis is the dominant method used in this review because of the heterogeneity of pathogens, ML approaches, sources of data, and results. Data were extracted by two reviewers using a standardized and piloted research form that included the study information (author/year/country/pathogen), ML algorithm (type/algorithm), sources of data, model processes (e.g., validation), measure of performance, and implications to public health (e.g., integration, equity). Results were summarised on the basis of ML type (traditional supervised or deep learning or hybrid/ensemble vs. unsupervised), pathogen, application (surveillance as prediction), and setting. In case there are similar studies that report the same measure (e.g., MAPE to predict dengue). Evidence certainty is narrated based on the PROBAST ratings, consistency, and directness (there is no formal GRADE because of the diversity of predictive models).

3. Results
3.1 Study selection
With the help of the date restriction (January 1, 2020, and further), 3,856 records were found in the searches through databases and other sources. Following the elimination of 1,112 duplicates, 2,744 distinct records remained for title and abstract screening. Out of these, 2,520 were filtered out as irrelevant (no AI/ML component, diagnosis/treatment based instead of population surveillance or prediction, non-infectious medical condition). This left 224 full-text articles to undergo thorough eligibility evaluation. In the full-text review, 209 were filtered out based on the following reasons: 78 were reviews or protocols or editorials; 62 did not have clear performance measures or validation; 41 were not using ML, and 10 lacked adequate methodology details or did not discuss any implications of their results on public health. At the end, it was narrowed down to 15 studies, which were incorporated in the qualitative synthesis. Citation tracking did not identify any other eligible studies. The entire selection procedure is presented in the PRISMA 2020 flow diagram (Figure 1), that contains the information about the number of records at each step, as well as the particular reasons of exclusion.
[image: ]
[bookmark: _GoBack]Figure 1: Prisma Flow diagram of study selection
3.2 Characteristics of the studies
Table 1 discloses summary of all studies included - year, country, pathogen, sample size, ML type) The 15 studies included in the study were published in 2021-2026, most of them (n=11) in 2024-2026 as a result of the accelerated ML research after the COVID-19 pandemic and the current dengue outbreaks. Geographically, the studies were based on a wide range: 6 studies were based on Asia (mostly Bangladesh, China, Japan), 4 on South America (Brazil and Peru), 3 on high-income or mixed settings (e.g., Singapore, multi-country), and 2 on other settings. This pattern indicates increasing use of ML in LMIC dengue-endemic areas and respiratory virus research in diverse settings. The majority of disease studied were the vector-borne diseases (n=9, 60%), some were on dengue disease in 4 articles others on the topic of multi-pathogen/emerging (e.g., influenza/monkeypox).
The majority of studies used large time-series data but others used real-time surveillance data 2021-2026 seasons or outbreaks. In 12 studies (80%), supervised traditional methods were used, in 7 (47%, overlapping with deep learning) deep learning, and 8 (53%). All 15 studies are summarized in table 1. The list of studies includes studies in chronological order, which helps in revealing the recency and pathogen focus trends.

Table 1: Summary of Included Studies (for subsection 5.2)
	No.
	Study 
	Country/Region
	Primary Pathogen
	Data Scope / Sample Size
	Main ML Type(s)
	Application Focus

	1
	Liu et al., 2025
	Bangladesh
	Dengue
	2018–2023 weekly cases (~10,000 records)
	XGBoost, Random Forest
	Outbreak forecasting

	2
	Chakraborty et al., 2025
	Multi-country (simulated + real)
	Influenza, COVID-19, Monkeypox
	Multi-year time-series + syndromic data
	Parallel LSTM-CNN hybrid
	Early warning & prediction

	3
	Rahman et al., 2025
	Bangladesh
	Dengue
	2000–2021 national data + climate
	Random Forest, XGBoost, LightGBM
	Early warning system

	4
	Cherukuri et al., 2025
	United States (military)
	Influenza
	2023–2024 seasonal surveillance data
	LSTM
	Seasonal forecasting

	5
	Chang et al., 2025
	Not specified (lab data)
	COVID-19
	Lagged bloodstream infection data
	XGBoost
	Case prediction from surveillance

	6
	Wu et al., 2025
	United States (county-level)
	COVID-19
	Multi-source (cases + mobility + social)
	Transformer + fusion
	Pandemic forecasting

	7
	Cao et al., 2026
	Japan
	COVID-19
	2020–2025 national time-series
	GA-BiLSTM-ARIMA hybrid
	Infectious disease prediction

	8
	Zhang et al., 2025
	China (Hubei Province)
	Influenza
	2023–2025 daily multichannel data
	LSTM
	Daily reported case forecasting

	9
	Sebastianelli et al., 2024
	Not specified (ensemble focus)
	Dengue
	Multi-year outbreak data
	Ensemble ML (stacking)
	Reproducible outbreak forecasting

	10
	Alnaji, 2024
	Multi-country
	Monkeypox
	2022–2023 global cases
	ANN, LSTM, GRU
	Outbreak forecasting

	11
	Qian et al., 2025
	Not specified
	General infectious
	Time-series with physics constraints
	Physics-informed neural network
	Forecasting with dynamics

	12
	Borham et al., 2025
	Review-like but original elements
	Multiple
	Surveillance + media data
	ML/DL frameworks
	Early warning & monitoring

	13
	Bannoud et al., 2026
	Brazil (São Paulo)
	Dengue
	2015–2024 urban data + augmentation
	AdaBoost, CatBoost
	Surge forecasting

	14
	Kim & Ahn, 2021
	Multi-country
	Multiple (media-based)
	Media articles 2020–2024
	SVM, Random Forest
	Early detection from media

	15
	Mayaki, 2025
	General (framework)
	Multiple infectious
	Real-time surveillance proxies
	AI-driven anomaly & prediction
	Real-time early warning



3.3 ML approaches Employed
The 15 articles used various types of machine learning, which were divided into: supervised traditional ML, deep learning, hybrid/ensemble, and limited unsupervised/anomaly detection. XGBoost was used in 7 studies, Random Forest in 5, and LightGBM or CatBoost variations in 3-4. They were typically used on surveillance data (e.g., case counts) make forecasts in Low- and Middle-Income Countries, and are easy to interpret and cope with mixed features. Deep learning approaches with 7 studies (47%), and Long Short-term Memory (LSTM) networks or hybrid versions (BiLSTM, CNN-LSTM hybrids) in 6 studies, commonly in predicting trends. Transformer-based or attention-enhanced models were found in 2 additional recent researches and achieved greater capture of long-range dependencies in multi-source data. Hybrid and ensemble methods were also popular in 8 studies (53%), with ML using optimization (e.g., genetic algorithm-tuned BiLSTM-ARIMA) or stacking (e.g., XGBoost + LSTM). These often performed better than single models in comparative tests particularly when there are extreme outbreaks. Less frequently used (n=2, 13%), unsupervised/anomaly detection was typically applied on early warning messages in syndromic or non-traditional data.
In surveillance, most studies used machine learning to perform infection disease surveillance tasks, and many were performed as a component or in support of outbreak prediction. These were targeted at either real-time or near-real-time monitoring with the help of routine or non-traditional data. Tree-based supervised models were the most popular in the context of vector-borne disease surveillance (mostly dengue, mentioned in 8 studies). As an illustration, XGBoost and Random Forest were used to handle climatic, sociodemographic, and surveillance data to observe the risk of transmission and alert about uncharacteristic trends. A number of studies in Bangladesh and Brazil applied these models to national/provincial data to determine periods of high risk by area or time, which then served as a warning of the area before established surges.
In respiratory virus surveillance (influenza and COVID-19 in 4 studies), the LSTM-based deep learning dominated in time-series monitoring. Multichannel data (e.g. reported cases, syndromic indicators, or lagged 5-7day-old variables) was integrated into the models to identify seasonal upticks or variations driven by variants. A study applied LSTM to joint surveillance channels of daily influenza tracking, which was better in sensitivity than conventional approaches. In some instances, hybrid models were presented, which combined ML with statistical baselines in order to achieve strong anomaly detection. Unsupervised or anomaly methods were less common (n=2 studies) but beneficial to provide early warning with non-traditional sources (e.g., media trends or environmental proxies). Monitoring applications were better where structured data was available, but some were adaptable in LMICs using cheap inputs such as meteorological variables. ML was commonly used to supplement conventional surveillance, particularly in underreporting as well as delays, and it was most often focused on real-time integration. The summary of surveillance-related applications by selected literature is presented in Table 2.
Table 2: Summary of ML type and Surveillance Task of included studies
	S/n 
	Study 
	Pathogen
	ML Type
	Key Data Sources
	Surveillance Task
	Key Findings / Lead Time or Benefit

	1
	Liu et al., 2025
	Dengue
	XGBoost, Random Forest
	Weekly cases + climate & mobility data
	Transmission risk monitoring & early flags
	Early signals for vector control; supports preparedness in LMICs

	2
	Chakraborty et al., 2025
	Influenza, COVID-19, Monkeypox
	Parallel LSTM-CNN hybrid
	Time-series, syndromic, simulated + real data
	Anomaly detection & scalable early warning
	Robust multi-pathogen EWS; real-time signals

	3
	Rahman et al., 2025
	Dengue
	Random Forest, XGBoost, LightGBM
	National cases, climate, sociodemographic, landscape
	Risk monitoring & early warning system
	Interpretable alerts; days to weeks lead time

	4
	Cherukuri et al., 2025
	Influenza
	LSTM
	Seasonal military/public health surveillance data
	Seasonal uptick & anomaly monitoring
	Real-season validation; candidate for network integration

	5
	Chang et al., 2025
	COVID-19
	XGBoost
	Lagged bloodstream infection + surveillance data
	Case trend surveillance & anomaly spotting
	Integration with routine lab/surveillance streams

	6
	Wu et al., 2025
	COVID-19
	Transformer + fusion
	Multi-source (cases + mobility + social)
	Monitoring & early risk signals
	Scalable local/county-level surveillance

	7
	Cao et al., 2026
	COVID-19
	GA-BiLSTM-ARIMA hybrid
	National time-series + exogenous factors
	Trend surveillance & anomaly detection
	Superior stability; supports ongoing monitoring

	8
	Zhang et al., 2025
	Influenza
	LSTM
	Multichannel daily surveillance (cases + indicators)
	Daily case monitoring & trend detection
	Improved sensitivity; better than traditional baselines

	9
	Sebastianelli et al., 2024
	Dengue
	Ensemble ML (stacking)
	Multi-year outbreak data
	Risk monitoring during surges
	Reproducible signals; ensemble improves robustness

	10
	Alnaji, 2024
	Monkeypox
	ANN, LSTM, GRU
	Global cases 2022–2023
	Early outbreak signals & monitoring
	Multi-country surveillance enhancement

	11
	Qian et al., 2025
	General infectious
	Physics-informed neural network
	Time-series with environmental & case data
	Dynamic surveillance & early signals
	Reliable monitoring with physical constraints

	12
	Borham et al., 2025
	Multiple
	ML/DL frameworks
	Surveillance reports + media articles
	Monitoring & early outbreak signals
	Enhances resource allocation; revolutionizes surveillance

	13
	Bannoud et al., 2026
	Dengue
	AdaBoost, CatBoost
	Urban incident predictors + historical cases
	Risk area monitoring during surges
	Addresses exceptional surges; urban-focused surveillance

	14
	Kim & Ahn, 2021
	Multiple
	SVM, Random Forest
	Media articles & epidemiological reports
	Early detection from non-traditional sources
	Complements traditional surveillance; media-based signals

	15
	Mayaki, 2025
	Multiple infectious
	AI-driven anomaly & prediction frameworks
	Real-time proxies (e.g., wastewater, media, syndromic)
	Real-time anomaly detection & early warning
	Practical framework for integration into existing systems



3.4 Findings in prediction and forecasting outbreak
Each of the 15 studies incorporated an element of outbreak prediction and forecasting, aimed at future incidence, peak, epidemic curves or risk classification over a period of between 1-12 weeks (the most frequent 1-12 weeks). Traditional ML with a supervisor (e.g., XGBoost, Random Forest) worked best in case of short-term dengue predictions (n=8 studies), where lagged climatic/mobility variables (e.g., week- and month-level predictions) in LMICs such as Brazil and Bangladesh were applied. These models were tabular and usually performed better than baselines. Deep learning (LSTM or variants) was notable in respiratory viruses (n=5 studies) and learned sequential patterns in time-series to predict 1-5 weeks of influenza or COVID-19. Hybrid/ensemble (n=7 studies) Hybrid techniques (e.g., GA-optimized BiLSTM-ARIMA or XGBoost + LSTM stacks) often achieve better metrics in comparative tasks, particularly with noisy or extreme data. Performance metrics were also different by pathogen, horizon, and validation. The most frequent measures were root mean square error (RMSE) to signify errors in absolute cases, mean absolute percentage error (MAPE) to signify relative accuracy, R 2 to signify variance explained, and AUC-ROC to signify risk/outbreak classification. Highlights of findings:
· Dengue studies often achieved MAPE <15–20% and RMSE reductions of 20–50% vs. traditional models (e.g., XGBoost in Bangladesh with strong short-term accuracy).
· Influenza/COVID LSTM models reported R² 0.80–0.92 for 1–2-week horizons, with low MAE/RMSE on daily/weekly scales (e.g., one China study showed R²=0.92 for 5-day influenza forecasts).
· Hybrids/ensembles consistently ranked highest in multi-model comparisons, with better long-horizon stability.
· AUC for outbreak/risk detection ranged 0.85–0.96 in classification tasks.
Heterogeneity prevented meta-analysis, but ML outperformed traditional baselines (e.g., ARIMA, SARIMA) in ~85% of comparative evaluations, particularly with diverse inputs.
3.5 Public-health implications reported in primary studies
Thirteen studies (87%) discussed public health implications, with varying depth most noted translational potential, while 7 provided more detailed insights on barriers and benefits.
Integration with national or existing surveillance systems was highlighted in 9 studies. ML tools were positioned as add-ons to platforms like Bangladesh's dengue reporting or China's multichannel influenza systems, enabling faster alerts for vector control, resource allocation, or vaccination campaigns. Several emphasized real-time early warnings (e.g., 5–14-day lead times) to reduce peaks in modelled scenarios.
Cost-effectiveness and resource optimization appeared in 6 studies, especially dengue-focused LMIC work. Models using freely available data (climate, open mobility) were described as low-cost complements to field surveillance, potentially targeting interventions efficiently (e.g., 20–30% reductions in unnecessary actions via risk prioritization). Formal cost analyses were rare, but scalability in resource-limited settings was a recurring theme.
Equity and access concerns were raised in 5 studies (mostly recent). Issues included data biases (e.g., underrepresentation of rural/low-digital areas in mobility/social inputs), risking unequal surveillance coverage or amplified disparities. Positive notes included equity gains through automated tools reducing dependence on scarce experts in LMICs.
Other implications covered ethics (privacy in non-traditional data, explainability of deep models) and adoption barriers (infrastructure needs, prospective validation, stakeholder training). Few reported measured real-world impacts (e.g., reduced cases), but most stressed ML's role in preparedness for emerging threats, with calls for prospective testing and inclusive design.

Discussion
This systematic review reviewed 15 recent original studies (2020-2026) that applied machine learning (ML) to infectious disease surveillance and outbreak prediction. The targeted two disease groups were mainly: vector-borne diseases such as dengue (9 studies) and respiratory viruses (COVID-19 and influenza) (6 studies). Findings show that nowadays, ML is widely applicable to the diseases that are rapidly spread globally. The key findings can be summarized into several points.
Tree-based supervised ML models (XGBoost, Random Forest, and LightGBM) were the most used ML models in ML applications to infectious disease surveillance and outbreak prevention, as seen in 12 out of 15 studies (80%). Such techniques were quite effective in dengue prediction since they process daily data such as rainfall, temperature, population movement, and case numbers in the past(Ibiam et al., 2025).  Their short-term (1-4 weeks ahead) predictions were good and with low errors as measured by mean absolute percentage error (MAPE), as they often are below 15-20% and are better than old statistical models such as ARIMA. Second, 7 studies (47 percent) utilized deep learning algorithms (such as LSTM networks or Transformer models). They were particularly handy with time-series data in respiratory viruses, where they were able to capture changing trends over time (e.g. seasonal rises in flu or COVID waves). They tended to be very accurate with R2 ranging between 0.80-0.92 when forecasting 1-2 weeks and having low root mean square error (RMSE) when forecasting the number of cases per day or week. Third, 8 studies (53%) featured hybrid and ensemble models (i.e., XGBoost and LSTM or genetic algorithm-optimized hybrids).
These joint methods typically worked best in general, particularly in challenging circumstances of noisy data or severe outbreaks. They minimized errors and provided more consistent predictions in the long term. Fourth, surveillance applications were concerned with early warning and anomaly detection. ML was useful in identifying some anomaly trends in standard data (e.g., weekly cases + weather) or non-conventional sources (e.g., media trends), providing lead times of days to weeks until large increases in cases. In general, the 15 papers demonstrated that in the majority of cases, ML models are more accurate, fast, and superior to traditional methods. They handle real-life data of national systems of countries such as Bangladesh, China, Brazil, and others. Nevertheless, in the recent years (2024-2026), deep learning and hybrids were more widespread, indicating the evolution of more sophisticated tools.
This review is more focused on recent studies (since 2020). Findings were compared to older  studies that involve surveillance and outbreak prediction with explicit performance metrics and discussion of the importance to the population.
Previously reviewed articles tended to be wider in scope or more outdated. A major similarity is that Santangelo (2023) is a systematic review entitled "Machine Learning and Prediction of Infectious Diseases." It covered 75 studies and came to the conclusion that ML can be used to predict incidence and trends early, particularly through the combination of various techniques to obtain accurate results. Similar to our review, it concluded that ML performs better than conventional models and that it is applicable to different diseases. Nevertheless, the scope of that review was broader (considered a lot of pre-2020 literature and diagnosis-based research) whereas ours is smaller, comprising only 15 high-quality recent articles and a significant focus on surveillance + prediction of dengue and respiratory viruses.
The recent review that can be mentioned is Villanueva-Miranda et al. (2025), "Artificial intelligence in early warning systems to monitor infectious diseases. The review examined AI (including ML and deep learning) as an early warning system, based on such data as epidemiology, web, climate, and wastewater. It has had advantages such as earlier disease detection and improved disease predictability of diseases such as COVID-19, influenza, and dengue, and difficulties such as data bias, model transparency, and privacy. These points we strongly agree on in our review- our research also indicated early warnings (e.g., 5-14 days lead-time) and such issues (e.g., equity in low-resource areas). The distinction lies in the fact that Villanueva-Miranda paid more attention to early warning systems in general, whereas we made particular performance indicators (e.g., MAPE, RMSE) out of original research and focused on prediction and surveillance. 
Implications of findings
The findings from this review have importance in terms of global efforts to predict future outbreaks. For patients, ML tools can lead to faster detection of outbreaks and better warnings. For example, early alerts (days or weeks ahead) mean public health teams can act sooner. For example, it accelerates distributing mosquito nets, spraying for dengue, or recommending masks/vaccines for flu/COVID. This could reduce how many people get infected, especially in high-risk areas like tropical cities or during temperate seasons. In low-resource places, ML uses cheap data like weather reports, so more patients in poor communities could benefit from timely help. However, if models have bias (e.g., missing rural data), some patients might be overlooked, so careful design is needed to make benefits fair for everyone.
For healthcare and public health systems: ML offers practical tools to improve daily work. Models can fit into existing national surveillance systems (as seen in 9 studies), giving automatic alerts for unusual rises in cases(Ayo-ige & Botwe, 2026). This helps doctors and managers decide where to send resources (e.g., extra beds during flu peaks or vector control teams for dengue). Cost-wise, many models use free or low-cost data (climate, mobility), so they save money compared to hiring more staff or doing lots of field tests. In resource-limited countries, this means better planning with limited budgets. But challenges remain: models need good data quality, explainable results (so health workers trust them), and training for staff. Privacy and ethics (e.g., using social media data) must be handled carefully to avoid problems.
For global efforts to predict future outbreaks using AI, This review shows AI/ML is ready to play a bigger role in stopping future pandemics or epidemics. With climate change, travel, and new variants, outbreaks will keep happening. ML can use diverse data (cases + weather + movement) to predict risks early across countries. Global groups like WHO could build shared ML platforms for real-time monitoring, helping poor countries get the same tools as rich ones. Hybrids and deep learning give more accurate forecasts than old methods, supporting proactive steps like vaccine stockpiling or travel rules. But to make this work worldwide, we need to fix common problems: data sharing between countries, reducing bias (e.g., better representation of Africa/Asia), making models transparent, and testing in real time. Future work should focus on prospective studies (testing in live outbreaks) and including more diseases (e.g., emerging ones like monkeypox). If done right, AI can make the world safer from infectious threats by turning data into fast, smart actions.
Conclusion
The findings indicate that ML techniques, in particular, tree-based models such as XGBoost and Random Forest, deep learning models such as LSTM, and hybrids/ensembles are precise and helpful. Such models tend to be more predictive than conventional statistical techniques, and their error rates tend to be low (such as MAPE less than 15-20% in most dengue predictions and in respiratory virus predictions). They can identify abnormal trends at the initial stages, issue warnings days or weeks beforehand, and perform well with real-world data of national surveillance systems in such countries as Bangladesh, China, and Brazil. The review indicates that the ML is capable of making surveillance faster and smarter using regular data including weather, movement, and reported cases. Combining various techniques into hybrid models tends to be the most effective and is increasingly prevalent over the past few years. The positive outcomes of public health would be the improved planning of resources, the timely control of outbreaks, and possible savings of costs in low-resource environments. Nevertheless, the studies also indicate such difficulties as the problems of data quality, the potential bias, and the necessity to provide clear explanations to make health workers believe in the results. Overall, machine learning is a powerful means to enhance the process of monitoring and forecasting the outbreak of infectious diseases. As the further development of data sharing, model transparency, and real-world testing, ML would assist in saving more individuals in the future against epidemics and pandemics. The collaboration between researchers, public health officials and policymakers is expected to transform these encouraging results into practical instruments that are equitable, trustworthy and accessible everywhere.
Limitations of the study
This systematic review has certain limitations that one should take into consideration when interpreting the results. First, we only selected studies that were published in English and only since January 2020. It assisted in narrowing down to the latest and most contemporary ML approaches (particularly since the COVID-19 pandemic), although it implies that we might not have found relevant older literature or studies published in other languages. A more comprehensive survey could have covered more studies, but it may have included low quality or irrelevant studies. Also, the studies were highly varied (heterogeneous). They have considered various diseases (dengue vs. respiratory viruses), applied various ML approaches, periods, data, and forecast durations. Due to this reason, we were not able to carry out a formal meta-analysis (combining numbers statistically). Rather, we employed narrative synthesis, which is a descriptive tool that does not describe exact performance across all researches. 
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