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Abstract

Background: Mosquito-borne viral diseases are a growing global health threat, and artificial
intelligence (Al) and machine learning (ML) are increasingly proposed as forecasting tools
to support early-warning and response. However, the available evidence is fragmented
across pathogens, settings and modelling approaches. This review provides, to the best
of our knowledge, the first comprehensive comparative assessment of AI/ML models
forecasting mosquito-borne viral diseases in human populations, jointly synthesising pre-
dictive performance across model families and appraising both methodological quality and
operational readiness. Methods: Following PRISMA 2020, we searched PubMed, Embase
and Scopus up to August 2025. We included studies applying AI/ML or statistical models
to predict arboviral incidence, outbreaks or temporal trends and reporting at least one quan-
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- titative performance metric. Given the substantial heterogeneity in outcomes, predictors
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and time-space scales, we conducted a descriptive synthesis. Risk of bias and applicability
were evaluated using PROBAST. Results: Ninety-eight studies met the inclusion criteria,
of which 91 focused on dengue. The forecasts spanned national to city-level settings and
annual-to-weekly resolutions. Across classification tasks, tree-ensemble models showed the
most consistent performance, with accuracies typically above 0.85, while classical ML and
deep-learning models showed wider variability. For regression tasks, errors increased with
temporal horizon and spatial aggregation: short-term, fine-scale forecasts (e.g., weekly city
level) often achieved low absolute errors, whereas long-horizon national models frequently
exhibited very large errors and unstable performance. PROBAST assessment indicated that
most studies (63/98) were at high risk of bias, with only 24 judged at low risk and limited
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external validation. Conclusions: AI/ML models, especially tree-ensemble approaches,
show strong potential for short-term, fine-scale forecasting, but their reliability drops sub-
stantially at broader spatial and temporal scales. Most remain research-stage, with limited
external validation and minimal operational deployment. This review clarifies current capa-
bilities and highlights three priorities for real-world use: standardised reporting, rigorous
external validation, and context-specific calibration.

Keywords: artificial intelligence; machine learning; mosquito-borne viral diseases; dengue;
arbovirus forecasting; time-series prediction; deep learning; early-warning systems;
epidemiological modelling; predictive performance

1. Introduction

In the last decades, arboviral diseases such as dengue, Zika, chikungunya and yellow
fever have posed an increasingly difficult challenge to global public health officials [1];
urbanization, climate change and globalization have facilitated the expansion and the sur-
vival of competent mosquito vectors such as Aedes aegypti and Aedes albopictus in new
ecological niches [2—4]. While these infections have always been responsible for significant
mortality, morbidity and economic burden in tropical and subtropical regions [5,6], an
increasing number of imported and autochthonous outbreaks has been recently described
at higher latitudes [7]. Early detection of outbreaks and accurate prediction of transmis-
sion are essential for effective containment and mitigation, supporting vector surveillance,
clinical practice, and efficient resource allocation [8]. Conventional surveillance and early-
warning methods, while effective, are usually limited by their dependence on delayed case
reporting or limited climatic proxies [9-11]. In this context, artificial intelligence (AI) and
machine learning (ML) techniques have emerged as powerful tools for infectious disease
modelling [12,13]; the possibility of integrating high-dimensional and heterogenous data,
such as meteorological, environmental and demographic, allows for a deeper and more
accurate understanding of arboviral disease transmission [14-16]. Despite these promising
results, the literature remains largely devoid of systematic, comparative evaluations that
can clarify when and where Al-driven models for arboviral forecasting are truly useful.
Existing reviews typically focus on single pathogens, narrow modelling families, or de-
scriptive overviews, leaving unresolved questions about real-world applicability. The
marked heterogeneity in data sources, algorithmic approaches and temporal and spatial
forecasting scales further hampers meaningful comparison across studies and limits the
ability to identify which modelling strategies consistently deliver reliable predictions [17].
In addition, direct evaluations of AI/ML models against traditional statistical methods
are uncommon, and critical methodological aspects, such as validation strategies, risk
of bias, and generalisability across spatial and temporal scales, are often insufficiently
addressed. To address these limitations, this systematic review aims to comparatively
evaluate the performance of Al and ML models developed to forecast mosquito-borne viral
infections in human populations. Specifically, we synthesise predictive performance across
different modelling families and epidemiological contexts, compare AI/ML approaches
with traditional statistical models when available, and assess methodological quality and
implementation readiness. By doing so, this review seeks to clarify the current capabilities
and limitations of Al-driven forecasting models and to inform their appropriate use in
public health surveillance and early-warning systems.
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2. Materials and Methods
2.1. Search Strategy

This systematic review was conducted following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines. The protocol was
prospectively registered in PROSPERO (CRD420251124153). The review addressed the
following question: “What is the performance of Al and ML models in predicting the
temporal trend and incidence peaks of mosquito-borne diseases, such as dengue, Zika,
chikungunya, West Nile virus, yellow fever, and Rift Valley fever, compared with traditional
statistical approaches?”. A comprehensive literature search was conducted in PubMed,
Embase, and Scopus up to 11 August 2025. The search combined controlled vocabulary
(MeSH terms) and free-text terms related to artificial intelligence, machine learning, deep
learning, and mosquito-borne diseases (including dengue, Zika, chikungunya, West Nile,
yellow fever, and Rift Valley fever). Reference lists of included studies and relevant
reviews were screened manually, and field experts were contacted to identify additional
publications or unpublished data. The full search strings, for each database, are available
in Supplementary Table S1.

2.2. Eligibility Criteria

Studies were included if they (i) involved human populations at risk of, or with
confirmed cases of, mosquito-borne viral diseases; (ii) developed, validated, or applied
Al/ML-based models to predict disease incidence trends or peaks; and (iii) reported at
least one quantitative performance metric. Eligible outcomes comprised classification
metrics such as Area Under the Curve (AUC), sensitivity, specificity, positive predictive
value (PPV)/precision, negative predictive value (NPV), accuracy, Fl-score, as well as
regression metrics, including mean absolute error (MAE), root mean squared error (RMSE),
mean squared error (MSE), mean absolute percentage error (MAPE), symmetric mean
absolute percentage error (SMAPE), coefficient of determination (R?), and correlation
coefficient (r). Comparator models, when reported, consisted of alternative AI/ML tech-
niques or classical statistical models applied to the same dataset. Eligible study designs
included retrospective and prospective cohort studies, case—control studies, cross-sectional
studies, and diagnostic accuracy studies. In addition, modelling studies based on secondary
data sources—such as surveillance databases, electronic health records, or environmental
and climatic datasets—were included, provided that they reported at least one quantita-
tive performance metric related to the predictive or diagnostic task. Lastly, only original
research articles published in peer-reviewed journals were retained. Only articles written
in English were considered, without date restrictions. On the contrary, studies focusing
exclusively on non-human or vector-only data, laboratory research without human health
outcomes, or environmental data without direct linkage to human case prediction or di-
agnosis were excluded. Studies available only as abstracts, conference proceedings, book
chapters, letters to the editor, commentaries, reviews, or non—peer-reviewed reports were
excluded. Likewise, full texts that could not be retrieved, as well as duplicated datasets
published in multiple papers, were omitted to avoid redundancy.

2.3. Study Selection

All records retrieved were imported into a reference management software, and dupli-
cates were removed. Two reviewers (FP and AP) independently screened titles and abstracts
to identify potentially eligible studies. Any discrepancies between the two reviewers were
resolved by discussion, with arbitration by a third reviewer when necessary (FB). The full
texts of the selected articles were then assessed independently for inclusion against the
predefined criteria.
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2.4. Data Extraction

Data were extracted using a pre-tested form developed in Microsoft Excel. The
extracted information included bibliographic details (first author, year of publication, conti-
nent, and country), study characteristics (design, period, setting, and population), disease
features (type, case definition, prediction horizon, and disease definition), and methodolog-
ical aspects such as handling of missing or imbalanced data, calibration procedures, data
splitting strategy, and implementation readiness.

Information on the data sources used for model development was recorded and
categorized as follows: epidemiological (e.g., surveillance data, incidence, outbreak reports);
clinical (e.g., laboratory-confirmed cases, hospital records); climatic or environmental
(e.g., temperature, rainfall, vegetation index); socio-demographic (e.g., population density,
age distribution, poverty, urbanization); mobility or transport (e.g., travel and migration
flows, mobile phone data); big data (e.g., social media, web search queries); genomic
or virological (e.g., viral sequences, genotypes, serotypes); health system (e.g., access
to care, diagnostic capacity); policy or intervention (e.g., vaccination coverage, vector
control campaigns); landscape (e.g., agricultural or forested land); and entomological
(e.g., mosquito density, breeding sites, vector indices).

For each AI/ML model, the principal algorithm, the number of variables included
versus considered, dataset structure and split, and performance metrics were extracted.
When available, classification and regression metrics were recorded.

If a comparator model was present, the same performance metrics and details on
dataset structure and validation type (internal or external) were also collected. When
necessary, authors were contacted to obtain missing or unclear information. Data extraction
was conducted by one reviewer and verified by another to ensure accuracy.

To ensure comparability across studies, all predictive models—whether primary mod-
els or comparators—were classified into seven predefined categories based on their under-
lying methodological structure:

(i) Classical machine learning (NARX neural networks, decision trees, AutoTiC-NN, feed-
forward neural networks, ANN, backpropagation NN, SVR, SVM, LASSO, Naive
Bayesian Network, Bayesian Network, logistic regression, multiple linear regression,
generalized linear models, Gaussian processes, regression models);

(if) Tree-ensemble methods (Random Forest, Extra Trees Classifier, Gradient Boosting,
AdaBoost, GBM, BRT, XGBoost, LightGBM, CatBoost, CART);

(iii) Deep learning (BiLSTM, CNN, LSTM, GRU, RNN, DFEFN, MobileNetV3, ResNet50,
CNN-BiLSTM, CNN-BiGRU with Attention, ConvLSTM, stacked LSTM/BiLSTM, hy-
brid CNN-LSTM architectures, XEWNet, EWNet, transformer-based
models, NBeatsX);

(iv) Time-series and statistical models (NNAR, SARIMA, ARIMA, VAR, naive or moving-
average baselines, temporal-average baselines, Poisson regression, SARIMAX, Prophet);

(v) Mechanistic models (WREF, SIR + EAKEF, SI-SIR);

(vi) Other or heuristic approaches (e.g., GANN, ANFIS, Differential Evolution, fuzzy
systems, DIR);

(vii) Hybrid or superensemble models, defined as models integrating two or more tech-
niques from different categories.

The models combining multiple techniques within the same category were classified
according to that category and not considered hybrid. This grouping was used consistently
across all metric-specific visual summaries.

Because regression-based performance metrics such as MAE, RMSE, and MSE are
scale-dependent and do not represent percentage errors, an additional extraction step was
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performed to ensure comparability across studies. For each model reporting MAE, RMSE,
or MSE, the scale of the target variable was extracted along three dimensions:

(i) Unit of measurement (e.g., absolute case counts, cases per 100,000 population,
log-transformed cases);

(i) Temporal resolution (e.g., weekly, 10-day, monthly);

(iii) Spatial resolution, classified as: national (entire country), regional (multiple provinces
or states), provincial (single administrative region), district level (municipalities or
sub-city areas), or city level (single city).

This information was taken directly from each study and not derived or trans-
formed and was used to facilitate valid cross-study comparisons of scale-dependent
regression metrics.

2.5. Data Synthesis and Statistical Analysis

The results are reported in accordance with PRISMA 2020, including a PRISMA flow
diagram and detailed tables summarizing study characteristics, methodological qual-
ity, and performance metrics. Specifically, a narrative synthesis was first conducted to
summarize study characteristics, AI/ML model types, and outcomes. The result ranges
reported in the various subparagraphs of the Al categories, refer to both the principal and
comparative models.

Given the substantial heterogeneity in study design, temporal and spatial resolution,
incidence scale, and reporting practices, no meta-analytic pooling was performed. Instead,
all analyses were descriptive and exploratory. To characterise model performance across
studies, unweighted distributions were generated for each reported metric of the principal
models, without applying transformations, normalisation procedures, or weighting by
sample size or study quality. Outliers were retained to preserve the original variability of
the source data. All metrics were summarised using multi-panel visualisations to describe
performance dispersion within and across modelling families. For classification metrics
(AUC, sensitivity, specificity, PPV, NPV, accuracy, and Fl-score), study-level estimates were
displayed using horizontal boxplots stratified by modelling family. When >3 observations
were available for a given family, full boxplots were produced. For numerical regression
metrics with strong dependence on outcome scale (RMSE and MAE), multi-panel figures
were constructed by stratifying results into predefined magnitude ranges (very small, small,
medium, large). This approach prevented misleading cross-scale comparisons and high-
lighted context-dependent error behaviour across modelling families. Additional regression
metrics (MAPE, MSE, R?, and r) were summarised using single-panel unweighted distri-
butions. Visual synthesis focused on describing central tendency, variability, dispersion
patterns, and systematic differences across modelling groups. No cross-family statistical
comparisons or inferential tests were conducted, as heterogeneity in study frameworks,
reporting conventions, and outcome units precluded harmonisation.

2.6. Risk of Bias Assessment

The methodological quality and risk of bias of the included studies were evaluated
using the Prediction model Risk of Bias Assessment Tool (PROBAST). Each study was
assessed across four domains: participants, predictors, outcome, and analysis. Assess-
ments were performed independently by two reviewers, with disagreements resolved
through consensus.
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3. Results

3.1. Literature Search

A total of 4531 records were identified through database searches in PubMed /MEDLINE
(n =801), Scopus (n = 1768), and Embase (n = 1962). After removing duplicates (n = 2555),
1976 unique records were screened by title and abstract. Of these, 1790 were excluded
due to being non-original or focusing on unrelated topics, leaving 186 records eligible
for full-text review. Full-texts were unavailable for 22 articles. After full-text assessment,
66 records were excluded, including 98 records for specific reasons. The overall study
selection process is illustrated in Figure 1.

[ Identification of studies via databases and registers J
M)
s
= Records identified from: Records removed before
§ PubMed/MEDLINE (n = 801) | screening:
E Scopus (n = 1768) v Duplicate records removed
§ Embase (n = 1962) (n = 2555)
—/
A
M)
Records screened Records excluded
—>
(n=1976) (n=1790)
Reports sought for retrieval »| Reports not retrieved
2 o= 188) "l (n=22)
£
o v
Reports assessed for eligibility
(n=164) —®| Reports excluded:
Wrong study design (n = 47)
Wrong outcome (n = 14)
Wrong publication type (n =
5)
—
v
b
'g Studies included in review
g (n=98)

Figure 1. Flow diagram depicting the selection process.

3.2. Geographical Distribution

Most of the included studies originated from Asia and South America, reflecting
the higher burden of mosquito-borne diseases in these regions. At the continental level
(Figure 2), the majority of studies were conducted in Asia (n = 62) [18-79], followed by
South America (n = 23) [80-101] and North America (n = 6) [102-107]. Fewer studies
were reported from Europe (1 = 2) [91,108], Africa (n = 1) [109], and Oceania (n = 1) [110].
Three [111-114] studies covered multiple continents and were therefore not represented on
the map.
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Number of
studies
60

20

Figure 2. Geographical distribution of studies by continent. The colour gradient represents the
number of studies per continent, with darker shades indicating higher counts. Three studies involving
multiple continents are not represented in the figure.

At the country level (Figure 3), the highest number of studies was identified in Brazil
(n =15) [80,82,84-86,88-91,93,94,96,98,99,115], Malaysia (n = 12) [36,38,51-54,57,58,62,67,76,78],
and Bangladesh (n = 8) [18,27,37,47,55,56,65,71]. Several other countries contributed a
smaller number of studies, mainly located in the Americas and Southeast Asia. Countries
highlighted but without numerical labels correspond to those represented by a single
study. Detailed information on the geographical distribution of studies is provided in
Supplementary Table S2.

United States
Bangladesh
studies
15

Mexico
2

10
Philippines "
¢
12 |

Brazil ndonesia 5
15 ]

Figure 3. Geographical distribution of studies by country. Labels indicate countries with >2 studies;
shaded countries without labels correspond to those represented by a single study. Nine multicountry
studies are not displayed in the figure.

3.3. Temporal Distribution and Evolution of AI Model Types

The 98 studies that met the inclusion criteria had the following yearly distribution: 3 [43,83,110]
in 2015, 4 [36,49,70,107] in 2016, 2 [34,100] in 2017, 6 [24,25,45,61,80,106] in 2018, 3 [21,60,102]
in 2019, 12 [31,41,50,64,82,93,98,101,103,108,111,116] in 2020, 11 [19,29,32,35,44,59,67,75,76,88,89] in
2021, 11 [38,47,57,72,86,90,91,96,99,115,117] in 2022, 12 [39,52,53,62,69,78,79,81,94,95,105,114] in 2023,
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Number of models

18 [18,20,22,23,33,37,40,46,48,55,58,66,73,74,84,97,104,109] in 2024, and 16 [26,27,30,51,54,56,63,65,68,
71,74,77,85,87,92,113] in 2025.

Considering both principal and comparator models, the use of Al methods showed a
progressive diversification over time (Figure 4). Classical ML algorithms represented the
predominant approach in the initial years and remained consistently applied throughout
the decade, although with a reduction from 2022 onward. Tree-ensemble and time-series
statistical models did not show a clear increasing trend but were intermittently used during
the study period, particularly from 2018 onward. A similar pattern was observed for
deep learning models, which were absent before 2018 and showed a marked increase from
2020, becoming one of the most frequently applied categories in recent years. Mechanistic
and heuristic models were rarely employed. Models classified as hybrid/superensemble
included studies that combined multiple Al algorithms or where the model type could not
be unambiguously categorized.

n
S

12

2017 2018 2019 2020 2021 2022 2023 2024 2025
Year

Hybrid / Superensemble || Tree Ensemble | Time-series / Statistical |11 Mechanistic
Model type
B ciassicaln B oeep Leaming Otner / Heuristic

Figure 4. Temporal evolution of artificial intelligence model types used in the included studies
(2015-2025), considering both principal model and comparator algorithms.

3.4. Characteristics of the Features of the Included Studies

As shown in Figure 5, across the 98 included studies, epidemiological surveillance
data were the most frequently used predictors (n = 90) [18-27,29-40,43-45,47,48,50-56,58,
59,62-64,66-98,100-102,104-108,110,111,113-116], followed by climatic and environmental vari-
ables (n=287) [18-27,29-40,43-45,47,48,50-57,60,62,64,66,69-78,80-95,97-106,108-111,113-116].
Socio-demographic factors were incorporated in one third of the models (1 = 33) [23,25,31,
38,39,43,47,50,52-54,65,66,70,71,78,81,89,91-93,97,98,100-102,105,106,108,110,111,113], whereas
landscape variables (1 = 18) [25,33,46,52,53,65,66,69-71,78,89,91,100,101,105,110,113] and ento-
mological indicators (n = 14) [25,38,43,46,48,51,62,70,74,78,96,102,113,116] were less commonly
included. Mobility and transport data (n = 13) [25,44,61,82,84,85,91,100-102,108,112,118], big
data sources such as internet or social media queries (1 = 7) [19,49,64,77,78,90,112], clinical infor-
mation (n = 5) [46,54,67,68,116], and health system indicators (1 = 5) [47,68,102,112,113] were
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rarely used. Genomic/virological [112,113] and policy or intervention-related [33,112] variables
were only sporadically considered (both # = 2).

Number of studies

Figure 5. Frequency of feature types used as model predictors across the included studies. Each bar
represents the total number of studies incorporating a given feature category.

3.5. Included Studies Characteristics

Table 1 summarizes the main characteristics of the 98 included studies. Most con-
tributions were forecasting or modelling studies using routine surveillance data, while a
smaller subset adopted ecological or spatiotemporal designs, and only a few were based
on hospital or clinical datasets. The majority of models were developed at national or
sub-national level in the general population, whereas studies focusing specifically on
travellers or hospitalized patients were rare. Almost all studies targeted dengue (n = 90)
[18-27,29-41,43-49,51-60,62-74,76-85,87,88,90-97,99-101,103,104,106-108,110-116], with a
limited number addressing other mosquito-borne infections such as Zika (n = 2) [98,102],
West Nile virus (n = 2) [91,105], Yellow Fever (n = 1) [89] or Rift Valley fever (n = 1) [109],
while 2 [75,86] studies modelling multiple arboviral diseases simultaneously. Outcomes
were most commonly defined as weekly or monthly incidence or case counts, generally
based on suspected or laboratory-confirmed cases recorded in routine surveillance systems.
Regarding the prediction task, most models focused on short-term forecasts at weekly
time scales, with fewer studies addressing medium-term (up to several months) or long-
term horizons of one year or more. Handling of missing values and data imbalance was
heterogeneously reported: many studies did not explicitly describe any procedure, while
others applied simple [18,26,35,38,39,47,56,60,67,73,74,80,83,87,109,113] imputation or case
exclusion strategies, and only a minority used more advanced methods such as resam-
pling or specialized imputation algorithms. Internal validation was typically performed
using temporal train—test splits or k-fold cross-validation. In terms of implementation
readiness, most studies were classified as “research only” or “proof-of-concept”, with only
a small number explicitly designed as decision-support tools or described as being used
operationally within routine public-health surveillance.
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Table 1. Descriptive characteristics of included studies.
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test = remainder]
Benedum . . Weekly Short-term (weekly, Temporal (train = 4 years;
(2020) [111] Forecasting study 2009-2016 Urban GP Dengue incidence-—lab <4 weeks) NA test = 1 year) Research only
Bogado Community-based Weekly Temporal
orecasting stu = ield /surveillance in engue L train = - ; esearch on
F ing study 2009-2013 (field/ ill i GP Deng NA NA (train = (2009-2012) Re h only
(2023) [81] . incidence—NA
population) test = (2013))
. . Temporal .
Bomfim Forecasting study 2007-2015 _ Sub-national GP Dengue _ Weeldy Short-term (weekly, NA (train = 2011-2014; Pilot/proof-of-
(2020) [82] (province/state/municipality) incidence—lab <4 weeks) test = 2015-2016) concept
Buebos- . . .
Esteve (2024) Ecologlcal/Sp;tlotemporal 20162020 . Sub-national icipali GP Dengue NA_SLIISE ected + Long-term (>1 year) NA Temporal Research only
23] study (province/state/ municipality) a
. . . Case Temporal (test = within
bell Ecological /Spatiotemporal Sub-national . . . .
Camp 1994-2012 . s GP Dengue counts—suspected NA Simple imputation 2005-2012 by exhaustive Research only
(2015) [83] study (province/state/ municipality) e o
+lab classification tree search)
. . Lo . Temporal
Carvajal . Sub-national Weekly incidence— Short/Medium-term Advanced L .
(2018) [24] Forecasting study 2009-2013 (province/state/municipality) GP Dengue suspected + lab (weeks to <3 months) imputation (train = 2009-2012; Research only

val = 2009-2012; test = 2013)
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Table 1. Cont.
First Author Disease and Case Missing/ Implementation
Study Design Study Period Setting Population Disease R Prediction Horizon Imbalanced Data Data-Split .
(Year) Definition . Readiness
Handling
Temporal Public health
Chen (2018) Forecasting study 2010-2016 Urban GP Dengue . Weelly Short-term (weekly, NA (train = 2010-2015; decision
[25] incidence—lab <4 weeks) -
test = 2016) support
Case Temporal (train = January
Chen (2024) Ecological /Spatiotemporal 2016-2023 ] Sub-national o cP Dengue counts—suspected Medium-term (months, NA 2016—De_cember 2022; Research only
[84] study (province/state/ municipality) +1ab >3-12 months) test = January
a 2023-December 2023)
. . . . Case Temporal
Chen (2025) Ecological/Spatiotemporal 2016-2023 Multicentre (n}ul_tl—country GP Dengue counts—suspected Short-term (weekly, NA (train = 2016-2022; Research only
[85] study or multi-site) <4 weeks)
+lab test =2023)
. Monthly
Cheng (2025) Forecasting study 2005-2024 . Sub-national S GP Dengue incidence— Long-term (>1 year) Simple imputation Train/Test (70/30) Research only
[26] (province/state/municipality)
suspected + lab
Model . Data cleaning/ Conceptual/
Chowdhury development/Modelling 2000-2022 National GP Dengue . Monthly Medium-term (months, Exclusion/ Train/Test (80/20) simulation
(2025) [27] incidence—lab >3-12 months) P
study Normalization study
Conde- .
Gutiérrez Forecasting study 2012-2019 . Sub-national icipali GP Dengue NA Shorzzfrm (1‘2] eekly, NA Train/Test (80/20) Research only
(2024) [104] (province/state/ municipality) <4 weeks)
daSilva Community-based ]8}8118;?: Monthl Medium-term (months
Forecasting study 2009-2017 (field /surveillance in GP L Y 4 NA K-fold CV (K =10) Research only
(2022) [86] X gunya, incidence—NA >3-12 months)
population) Zika
2016-2019
Iquitos:
. 2001-2012
daSilva . Weekly Short-term (weekly, . . . .
(2025) [87] Forecasting study EE597 weel'<s). Urban GP Dengue incidence——lab <4 weeks) Simple imputation Train/Test (70/30) Research only
arranquilla:
2011-2016
(307 weeks)
Community-based X
Dala (2021) . 9 N J . . _ Temporal (val = with
129] Forecasting study 2008-2018 (field/ survel'llance in GP Dengue Case counts—NA Long-term (>1 year) NA multiple hold-outs: 50/50) Research only
population)
Dang Anh Model 2020-2023 Sub-national Data cleaning/ Conceptual/
Tuan (2025) development/Modelling Vietnam (provin 1} tate/municipality) GP Dengue NA—lab NA Exclusion/ Temporal simulation
[112] study (2018-2023) province/state/muricipality. Normalization study
Model . Data cleaning/
(213}21;;( E%] development/Modelling 2015-2021 Urban GP Dengue incil\élgssgl—ylab Med;gﬂ;itg;:ﬁ;mhs’ Exclu§ion./ Train/Test (80/20) Research only
study Normalization
Doni (2020) develo ml\gr??/eli/[odellin 2015-2019 National GP Dengue Case counts—NA Long-term (>1 year) NA Temporal (train = Research onl
[31] P study & & & =1y 2015-2018; test = 2019) y
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Table 1. Cont.
First Author Disease and Case Missing/ Implementation
Study Design Study Period Setting Population Disease R Prediction Horizon Imbalanced Data Data-Split .
(Year) Definition . Readiness
Handling
Edussuriya Forecasting stud 2010-2019 National P Dengue mI\C/Ii(c)ir;;}Zlgf Medium-term (months, Data balanc- Temporal (train = 2010-2018;  Pilot/proof-of-
(2021) [32] g y g >3-12 months) ing/Resampling test = January-March 2019) concept
suspected + lab
Community-based
FarO([)gl(]ZOZZ) Forecasting study 2010-2019 (field /surveillance in GP West Nile countsE:les ected Long-term (>1 year) inD/al;ae ::ﬁnlci;l K-fold CV (K=5) Research only
population) P 8 ping
Ferdousi Forecasting stud 2010-2019 (fiCe(l)(I;l/?;r:/iéﬁiZizgciln GP Dengue Weekly Short-term (weekly, NA Train/Val/Test Research onl
(2021) [88] g y population) g incidence—NA <4 weeks) (unspecified) Y
Francisco . Sub-national Weekly incidence— Temporal (train = 2009-2012;
(2024) [33] Forecasting study 2009-2013 (province/state/municipality) GP Dengue suspected + lab NA NA test=2013) Research only
Guo (2017) . B Sub-national Weekly incidence— Short-term (weekly, Temporal (train = 2011-2013;
[34] Forecasting study 2011-2014 (province/state/ municipality) GP Dengue suspected + lab <4 weeks) NA test =2014) Research only
. . . Case Data cleaning/ . Proof-of-
Hamlet Ecological /Spatiotemporal - Sub-national GP + Yellow . Short-term (weekly, . Temporal (train = 60-70/ Test
(2021) [89] study 2003-2018 (province/state/municipality) ~ NHP fever ~ counts—suspected <4 weeks) Exclusion/ 30_40; test = 30_40) concept/Early
+lab Normalization research
Handari Community-based Weekl Short-term (weekl
(2021) [35] Forecasting study 2009-2017 (field P/(f;:{:tlll(l)ir;ce in GP Dengue inci denceZN A <1 weeks) ¥ Simple imputation NA Research only
Model . .
Holcomb . . . 3 Temporal (train = 2015-2019; Pilot/ proof-of-
(2023) [105] developn;etr‘;‘zi/ )I]V[odellmg 2015-2021 National GP West Nile NA—lab Long-term (>1 year) NA test = 2020-2021) concept
Husin (2016) . Sub-national Weekly
[36] Forecasting study NA (province/state/municipality) GP Dengue incidence—NA NA NA NA Research only
Islax[r;(7?024) Forecasting study 2001-2023 National GP Dengue incilc\l/[e(;{;gd—yN A Long-term (>1 year) NA Train/Test (80/20) Research only
. Model . .
Ismail (2022) . . Sub-national Weekly Short-term (weekly, . . . ~ _ Pilot/ proof-of-
138] developm;ﬁ%}l]\/[odelhng 2010-2019 (province/state/municipality) GP Dengue incidence—-NA <4 weeks) Simple imputation K-fold CV (K =10) concept
Javaid (2023) Model Sub-national Case Public health
[39] development/Modelling 2014-2018 (province/state/municipality) GP Dengue counts—suspected NA Simple imputation Temporal (test = split) decision
g study P paiity +lab support
Jayabalan develo ml\gr?tCl/eI}/Iodellin 2003-2021 National and sub-national GP Dengue Monthly Medium-term (months, NA Train/Test (70/30) Research onl:
(2024) [40] 3 study & & incidence—NA >3-12 months) y
Model Temporal (train = 20032015
Kerdprasop . . Monthly Medium-term (months, (156 records);
(2020) [41] developn;etr‘;‘zi/ )I]V[odellmg 2003-2017 Urban GP Dengue incidence—NA >3-12 months) NA teiztzrzegi i;é?)” Research only
K Model Sub-national Data cleaning/
esomm development/Modelling 2007-2013 | Lup-national GP Dengue NA NA Exclusion/ K-fold CV (K=10) Research only
(2015) [43] (province/state/ municipality) O
study Normalization
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Table 1. Cont.
First Author Disease and Case Missing/ Implementation
Study Design Study Period Setting Population Disease R Prediction Horizon Imbalanced Data Data-Split .
(Year) Definition . Readiness
Handling
. . Temporal (test = 42 months ;
Kiang ,(2021) Forecasting study 2010-2017 National GP Dengue . Monthly Medium-term (months, NA (January-2010 — Pilot/proof-of-
[44] incidence—lab >3-12 months) J concept
June-2013))
Koh (2018) . . Weekly
[45] Forecasting study 2016 National GP Dengue incidence——lab NA NA NA Research only
Koplewitz . Sub-national Weekly incidence— Short/Medium-term Temporal (train = 2010-2015;  Pilot/proof-of-
(2022) [90] Forecasting study 2010-2016 (province/state/ municipality) Gp Dengue suspected + lab (weeks to <3 months) NA test =2016) concept
Kukkar Model Conceptual/
, development/Modelling 2016-2020 Hospital-based /Clinical Pts Dengue NA NA NA NA simulation
(2024) [46] o
y study
Kumar De Model Medium-term (months Conceptual/
) Y development/Modelling 2011-2021 National Pts Dengue Case counts—NA ’ Simple imputation Train/Test (80/20) simulation
(2022) [47] stud >3-12 months)
y study
Kuo (2024) Ecological/Spatiotemporal Data cleaning/
48] stud 2013-2015 Urban GP Dengue NA NA Exclusion/ Train/Test (80/20) Research only
udy Normalization
Laureano Model Community-based .
Rosario development/Modelling 1994-2012 (field/surveillance in GP Dengue L Weekly Short-term (weekly, NA Tram/Va} {Test Research only
. incidence—NA <4 weeks) (unspecified)
(2018) [106] study population)
. Community-based Lo Temporal (train = 2007-2015;
Li(2022) Forecasting study 2007-2019 (field /surveillance in GP Dengue Weekly incidence— Short-term (weekly, NA val =2016-2017; Research only
[115] - suspected + lab <4 weeks)
population) test =2018-2019)
Temporal (train = 2013-mid
. . Sub-national Weekly incidence— Short-term (weekly, 2019 (326 weeks);
Li(2022) [91] Forecasting study 2013-2020 (province/state/ municipality) GP Dengue suspected + lab <4 weeks) NA test = until Research only
December 2020 (92 w))
Liu (2016) . Sub-national Weekly
[49] Forecasting study 2010-2014 (province/state/municipality) GP Dengue incidence—NA NA NA NA Research only
. Model . . Temporal (train = 2015-2018;
Liu (2020) development/Modelling 2015-2019 . Sub-national s GP Dengue Case counts—NA Short/Medium-term NA test = January—September Research only
[50] study (province/state/municipality) (weeks to <3 months) 2019)
Model . .
Long (2025) development/Modelling 1990-2018 Multicentre (multi-country GP Dengue NA—suspected + Long-term (>1 year) Simple imputation K-fold CV (K=4) Research only
[113] study or multi-site) lab
Temporal (train = 2014-2018
Lu (2025) . B . - Short/Medium-term (Weeks 1-261);
[51] Forecasting study 2014-2020 National GP Dengue Case counts—lab (weeks to <3 months) NA test = 2019-2020 (Weeks Research only
262-365))
Majeed . 9 Sub-national Monthly Short-term (weekly, <4 _ .
(2023) [53] Forecasting study 2010-2017 (province/state/municipality) GP Dengue incidence—lab weeks) NA Temporal (test = 2010-2016) Research only
. . Temporal (test = with
Majeed . . Weekly Short/Medium-term A
(2025) [54] Forecasting study 2011-2016 National GP Dengue incidence-—lab (weeks to <3 months) NA temporal partitioning (not Research only

cross-country))
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Table 1. Cont.
First Author Disease and Case Missing/ Implementation
Study Design Study Period Setting Population Disease R Prediction Horizon Imbalanced Data Data-Split .
(Year) Definition . Readiness
Handling
. . Monthly
Majeed? Forecasting study 2010-2016 . Sub-national S GP Dengue incidence— Short-term (weekly, NA Temporal (test = 2010-2016) Research only
(2023) [52] (province/state/ municipality) <4 weeks)
P pality sus d +lab
pected + lal
Mayrose develo mh:z[r?tCl/eI}/Iodellin 2010-2019 National GP Dengue NA Medium-term (months, Data balanc- Train/Val/Test (70/20/10)  Research onl
(2024) [55] P study & & >3-12 months) ing/Resampling y
. . Monthly . .
Mills (2025) Forecasting study 2010-2021 . Sub-national ST GP Dengue incidence— NA NA Temporal (train = 2010-2017; Research only
[92] (province/state/ municipality) test =2018-2021)
suspected + lab
Mobin (2025) Monthly
[56] Forecasting study 2010-2023 National GP Dengue incidence— Long-term (>1 year) Simple imputation Train/Test (80/20) Research only
] suspected + lab
Muhamad Model Community-based Data cleaning/
Krishnan development/Modelling 2015-2019 (field /surveillance in GP Dengue Case counts—NA NA Exclusion/ Train/Test (unspecified) Research only
(2022) [57] study population) Normalization
Model Rift .
Mulwa . . Monthly Medium-term (months, . . . .
(2024) [109] developn;etrl;td/;\/[odellmg 1981-2010 National GP \f/;l]l:sf incidence—lab >3-12 months) Simple imputation Train/Test (80/20) Research only
. Model . - Temporal (train = January
1\(/;16;501;1[1;%‘]:1 development/Modelling 20102018 (provin S‘}b;n?t}?rr:aiﬁ ipality) GP Dengue Weeldy Htlcclldfrllcs_ Shorzf;r]n (1V<V ()eekly, NA 2010-June 2017; val = July Research only
& study province/state/municipality’ suspected + lal <4 weeks 2017-June 2018))
Temporal (train = 207 weeks
Mustaffa Forecasting study 2017-2022 National GP Dengue . ‘Weekly NA NA (2017-2020); test = 99 weeks Research only
(2024) [58] incidence—lab (2021-2022))
Necesito Forecasting stud 1994-2018 (fi?c%?irgéﬁi:iiiciln GP Dengue Monthly Medium-term (months, NA Temporal Research onl:
(2021) [59] g study - g incidence—NA >3-12 months) (train = 1994-2015) y
population)
Ningrum Ecological/Spatiotemporal Sub-national Weekly Short-term (weekly, Data balanc- . Pilot/proof-of-
(2024) [20] stud 2014-2021 (province/state/ municipality) GP Dengue incidence—NA <4 weeks) ing/Resamplin Train/Test (80/20) concept
Y P pality, 3 ping P
Model .
Olmoguez . Sub-national Monthly . . .
(2019) [60] developn;etr;td/;\/[odellmg 2008-2017 (province/state/municipality) GP Dengue incidence— NA NA Simple imputation NA Research only
. . Case Operational
Ong (2018) Ecological/Spatiotemporal 2006-2016 Urban GP Dengue counts—suspected Short-term (weekly, NA ) Temporal use in
[61] study <4 weeks) (train = 2006-2013) )
+lab surveillance
Model . Research
Ong(2023) 4. elopment/Modellin 2018-2020 _ Sub-national = GpP Dengue NA NA NA Train/ Test (70/30) only/proof-of-
P 8 ) y/p
[62] stud (province/state/ municipality)
y concept
: Community-based .
Panja (2023 . y J . Weekl Short-term (weekly, Temporal (train = 1170;
[]] ]( 4] ) Forecasting study 1991-2012 (field /surveillance in GP Dengue indi denceilab <4 wee(ks) Y NA P test i 1144) Research only

population)
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Table 1. Cont.
. . Missing/ .
First Author Study Design Study Period Setting Population Disease Dlseas% an d Case Prediction Horizon Imbalanced Data Data-Split Implem.ematmn
(Year) Definition . Readiness
Handling
Temporal (train = October
Patrﬁ() (%2]025) Forecasting study 2013-2023 National GP Dengue incings;lZN A NA NA 2013-July 2020; test = last Research only
i 30% (July 2020-May 2023))
Puengpreedaa devel Mod/eI}A dell 2014-2018 Sub-national GP D Weekly Short-term (weekly, NA K-fold CV (K = 5) R honl
(2020) [64] eve Opm:tﬁtdy odelling ~ (province/state/ municipality) engue incidence—NA <4 weeks) ' o = esearch only
Rahman develo ml\gr??/eli/[odellin 2000-2023 National GP Dengue Case counts—Ilab Medium-term (months, NA Temporal (train = 2000-2015; Research onl
(2025) [65] P study g g >3-12 months) test = 2020-2023) y
Ren (2024) . Sub-national Data balanc- .
[66] Forecasting study 2003-2022 (province/state/ municipality) GP Dengue NA Long-term (>1 year) ing/Resampling Train/Test (70/30) Research only
- Monthly ~ _ Temporal (train = 20072016
ROST; 4(]2 023) Forecasting study 2007-2019 ( rovincsel;ks’ tg‘:}?ﬁi;ici ality) GP Dengue incidence— Shor;rz\r]r;e(l\:\;:ekly, in ]:)/aIt{ae:);fnlcin Test 2016-2019; Research only
P pality suspected + lab = & ping test =2016-2019)
. Model . . .
Salami (2020) development/Modelling 2010-2015 Multicentre (m.ul't -country T Dengue Case counts—lab Medium-term (months, : Data balang— Temporal (test = split) Research only
[108] study or multi-site) >3-12 months) ing/Resampling
Salim (2021)  Ecological/Spatiotemporal . Sub-national Weekly Short-term (weekly, . . . .

[67] study 2013-2017 (province/state/municipality) GP Dengue incidence——lab <4 weeks) Simple imputation Train/Test (70/30) Research only
Salsabiila develo ml\gr?‘?/ell/[odellin 2010-2020 National and sub-national GP Dengue Weekly Short-term (weekly, Data balanc- Train/Test (80/20) Research onl
(2025) [68] P study g g incidence—lab <4 weeks) ing/Resampling y

Sénchez Model Community-based Weekly incidence— Data cleaning/
Lépez (2023) development/Modelling 2010-2020 (field /surveillance in GP Dengue Y NA Exclusion/ K-fold CV (K=5) Research only
. suspected + lab S
[95] study population) Normalization
Sanchez- .
Gendriz Forecasting study 2016-2019 Urban GP Dengue YKy Shortterm (weekly, NA NA Pilot/proof-of-
(2022) [96] incidence—N. <4 weeks) concept
Sebastianelli . . Temporal (train = 2001-2016;  Pilot/proof-of-
(2024) [97] Forecasting study 2001-2019 National GP Dengue Case counts—NA NA NA val = 20172019 (Brazil)) concept
Shaikh (2023) Model NA—suspected +

[69] development/Modelling NA Other (benchmark dataset) GP Dengue 1a1§ NA NA NA Research only

study

. . Operational
Shi (2016) . N Weekly Short-term (weekly, Temporal (train = 2001-2010; .

[70] Forecasting study 2001-2012 Urban GP Dengue incidence—-NA <4 weeks) NA val = 2011-2012) use in

surveillance
Siddikur = .
Rahman Forecasting study 2000-2021 National GP Dengue . .(\lNeekly NA NA Advanced Temp oraljt;?)l?g— 2283(1}2018’ Research only
(2025) [71] incidence—. imputation test = ! )
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Table 1. Cont.
First Author Disease and Case Missing/ Implementation
Study Design Study Period Setting Population Disease R Prediction Horizon Imbalanced Data Data-Split .
(Year) Definition . Readiness
Handling
Soliman develo ml\gr?‘?/ell/[odellm 2017-2018 Sub-national GP Zika Monthly Long-term (>1 year) NA Temporal (train =2017; Research onl
(2020) [98] P study g (province/state/municipality) incidence—NA & =1y test =2018) y
Sood (2020) Model
[116] development/Modelling NA Hospital-based /Clinical Pts Dengue NA NA NA K-fold CV (K =10) Research only
study
Temporal (train= first
Souza (2022) Community-based val= noliie}i:irsr;lwnted
Forecasting study 2002-2012 (field /surveillance in GP Dengue NA Long-term (>1 year) NA aug - Research only
[99] opulation) set per tuning (Gaussian
pop noise); test=last 3-5 years
for cities)
Stavelin Sub-national Monthly Data cleaning/
(2022) [72] Forecasting study 2006-2019 (province /state/ municipality) GP Dengue incidence— Long-term (>1 year) Exclusion/ NA Research only
P pality suspected + lab Normalization
. Model . Case
Teurlai (2015) development/Modelling 1995-2012 . Sub-national ST GP Dengue counts—suspected NA NA NA Research only
[110] (province/state/ municipality)
study +lab
Temporal (train = and
. . validation on same Conceptual/
Theodorakos  Ecological /Spatiotemporal 2002-2002 National GP Dengue . VMonthly NA NA epidemic season (2002); simulation
(2017) [100] study incidence—NA i . .
val = on same epidemic study
season (2002))
- . . Case
Tian (2024) Ecological/Spatiotemporal 2012-2022 National GP Dengue counts—suspected Short-term (weekly, <4 Simple imputation Train/Test (80/20) Research only
[73] study +1ab weeks)
Temporal (train = January
Tuan (2024) . Sub-national Monthly Medium-term (months, . . . 2010-October 2018; test =
[74] Forecasting study 2010-2020 (province/state/municipality) GP Dengue incidence—lab >3-12 months) Simple imputation November 2018-December Research only
2020)
Model Dengue,
Wu (2021) development/Modelling 2005-2016 Urban GP En- _ Weekly Short-term (weekly, <4 _ Databalanc- Train/Test (83/17) Research only
[75] stud terovirus, incidence—lab weeks) ing/Resampling
y Influenza
Yamana devel mMgfi/e;/[ dellin 1990-2013 Sub-national cP Dengu Weekly NA NA Temporal (train = seasons Research onl
(2016) [107] evelop setu dy odeling (province/state/ municipality) engue incidence—lab 1-14; test = seasons 15-23) esearch only
S . . Data cleaning/ L .
YavariNejad ~ Ecological /Spatiotemporal 20102013 National GP Dengue ) ‘Weekly Short-term (weekly, <4 Exclusion/ Tempora? (train =75/ Test Pilot/ proof-of-
(2021) [76] study incidence—lab weeks) P 25; test = 25) concept
Normalization
Yeh (2025) . B Weekly Temporal (train = 257
771 Forecasting study 2014-2018 Urban GP Dengue incidence——lab NA NA weeks; test = last 4 weeks) Research only
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Table 1. Cont.
First Author Disease and Case Missing/ Implementation
Study Design Study Period Setting Population Disease R Prediction Horizon Imbalanced Data Data-Split .
(Year) Definition . Readiness
Handling
Temporal (train = epidemic
curves from historical
datasets (1960-2012) Test: .
Model . Case . . Public health
Yi (2023) [78] development/Modelling NA . Sub-national s GP Dengue counts—suspected Medium-term (months, NA Mal.a ysian outbrealf o.f 202? decision
(province/state/municipality) >3-12 months) (3 timepoints predictions);
study +lab _ ; support
test = Malaysian outbreak
of 2022 (3 timepoints
predictions))
Zhao (2020) Sub-national Case Short-term (weekl Data cleaning/ Pilot/proof-of-
[101] Forecasting study 2014-2018 ( . L GP Dengue counts—suspected v Exclusion/ Train/Test (80/20) P
province/state/municipality) <4 weeks) S concept
+lab Normalization
Zhaf732]023) Forecasting study 2012-2022 Urban GP Dengue inci(jl/Zreg;llN A Shor;iﬁgéﬁ; iekly, NA Train/Test (70/30) Research only
GP = General population; lab = laboratory; Pts = Patients (hospital/clinical cases); T = Travelers; val = validation.
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Data sources varied widely across studies, ranging from national surveillance systems
and meteorological stations to remote sensing, mobility, and socioeconomic databases, with
some studies integrating multiple heterogeneous datasets. A detailed list of data sources
used in each study is provided in Supplementary Table S2.

3.6. Model Performance by Al Category

Overall, the reported performance varied substantially across model categories, re-
flecting differences in outcome type, data availability, and prediction tasks. Classification
metrics (Tables 2 and S3), including AUC, sensitivity, specificity, PPV, or precision, NPV,
accuracy, and Fl-score, were mainly used in case-based or alert-level models. Regres-
sion metrics (Tables 3 and S4), instead, reported error and goodness-of-fit measures such
as RMSE, MAE, MAPE, MSE, Coefficient of Determination (Rz), Pearson’s correlation
coefficient (r), and SMAPE.

Model Validation Approaches

Among the 98 included studies, the vast majority implemented internal valida-
tion strategies (n = 89) [18-22,25-27,30-35,37-40,43-60,62,64-77,79-84,86,88-97,99-102,104—
106,108-111,113-116,119], while only 5 [41,61,98,103,107] studies reported an external vali-
dation procedure, typically using data from distinct time periods, regions, or populations,
while only 1 [23] study integrating both internal and external validation steps (Table 2).
The most frequent internal validation methods were simple hold-out or random train/test
splits (n = 33 [20,22,27,30,31,37,39,40,44,45,47,51,54,55,58,62,63,66,68,69,71,73,75,77,85,87,88,
93,102,105,108]), with training proportions ranging between 50% and 80%, and k-fold
cross-validation (n = 19 [18,20,21,23,27,38,39,43,46-49,66,71,76,108,109,113,116]), most com-
monly 5- or 10-fold. Temporal or time-series validation approaches were applied in
22 [25,32-34,37,51,56,66,68,71,72,74,75,82,90,91,93,94,97,105,111,115] studies, mainly in in-
cidence forecasting models, often using rolling or expanding-window designs. A few
investigations (n = 4 [23,66,71,109]) employed nested resampling or combined spatiotempo-
ral validation schemes, whereas 3 [36,78,112] studies did not clearly report the validation
type. Overall, external validation remained uncommon, and independent test sets were
often limited in size, potentially leading to optimistic performance estimates.

3.7. Classical Machine Learning
3.7.1. Classification Metrics

Among the classical ML models, AUC values ranged from 0.70 [102] (NARX NN) to
0.96 [95] (SVM). In the time-series applications (NARX NN), performance declined with
longer forecast horizons, from 0.91-0.95 at 1 week to 0.70-0.74 at 12 weeks [102]. Sensitivity
varied between 0.87 [49] (CART) and 1.00 [43] (SVM-L), while specificity ranged from
0.01 [57] (ANN) to 0.95 [83] (DT). Accuracy values spanned 0.47 [106]-1.00 [99], with the
best performance in Diffusion Maps + SVM (RBF), and the lowest in the ANN models. PPV
was reported only in 2 studies [82,116] (0.92 in both), and NPV was not provided in any
study. Reported Fl-scores were generally high (0.73 [106]-0.97 [95]), confirming balanced
predictive ability across most classical ML algorithms.
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Table 2. Results of classification metrics for the principal AI models used in the included studies.

First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
1w 0.91-0.95,
Akhtar 2w 0.91-0.93, 1w0.94,2w0.92,
(2019) [102] NARX NN Classical ML 11/16 INT 4w 0.83-0.87, NA NA NA NA 4w 0.88,8w0.82, NA
8 w 0.75-0.80, 12w 0.78
12 w 0.70-0.74
. DT +
AlMobin =g ontial  Classical ML 12/13 INT 5-fold NA NA NA NA NA 0.82 NA
(2024) [18] Squeere FS TSCV
ANgSTaeni  pyoTM  Deep Learning NA INT NA NA NA NA NA NA NA
(2021) [19]
1.0 - 0.81
(longitude-time),
Anno (2019) 0.75
[21] CNN Deep Learning 4/2 INT 8-fold CV NA NA NA NA NA (latitude-time), NA
0.48 — 0.26
(longitude-
latitude)
SST + Rainfall +
SWR 1.00, 0.51;
INT SST only 1.00,
Am[ggoz‘g CNN Deep Learning 4/4 train/val/test NA NA NA NA NA 0'15 }J;()Rgl;‘ffﬂslv‘\’/rl‘{ly NA
split only 1.00, 0.51;
Rainfall + SWR
1.00, 0.51
Appice AutoTiC- .
(2020) [103] NN Classical ML 1/2 EXT NA NA NA NA NA NA NA
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Table 2. Cont.

First Princival N Variables
Author P AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
B GAM, ANN Hybrid/
aquero (MLP), yort 4/NA INT NA NA NA NA NA NA NA
(2018) [80] LSTM Superensemble
Benedum INT TS split4 y
(2020) [111] RF Tree Ensemble 5/5 frain; 1y test NA NA NA NA NA NA NA
Bogado .
(2023) [81] LSTM Deep Learning 4/4 INT NA NA NA NA NA NA NA
Bomfi INT TS split
(20‘;%; l[gr;] NN Classical ML 2/2 train 2011-2014; NA 0.91 NA 0.92 NA NA 0.92
test 2015-2016
INT + EXT
nested
Buebos- resampling
Esteve RF Tree Ensemble 4/4 (spatiotemporal NA NA NA NA NA NA NA
(2024) [23] LOOCV
internal; 3-fold
CV external)
Campbell .
(2015 [3] DT Classical ML 2/2 INT NA 0.95 0.95 NA NA NA NA
Carvajal
(2018) [24] RF Tree Ensemble 5/19 INT NA NA NA NA NA NA NA
1w0.88;2w
Chen (2018) . 0.86;4 w 0.82;
[25] LASSO Classical ML 73/73 INT 8w 0.78: 12 w NA NA NA NA NA NA
0.76
Chen (2024)  LSIM+ 1 earning 7/17 INT NA NA NA NA NA NA NA

[84] SHAP
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Table 2. Cont.

First Princival N Variables
Author P AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
Al Model .
(Year) Considered
Mean Mean thlg/[e}?nl d
threshold, threshold, miino+ ’
mean + 25D  mean + 2SD 2SD
threshold = threshold =
threshold =
Manaus Manaus Manaus
0.76, 0.60, 1.00, 1.00, Mean threshold, 087 0.75
Belém 0.08, Belém 0.90, mean + 2SD Be,;lér,n O 1 i
0.00, 1.00, threshold = 0.00 o
Fortaleza Fortaleza Manaus 0.92, 0.88, Fort.ale;za
0.75, 0.00, 0.98, 1.00, Belém 0.69, 0.96, 0.75. 0.00
Salvador Salvador Fortaleza 0.96, éalx;a(ior,
0.71,0.73, 0.33,0.71, 0.96, Salvador 0.81.0.83
Chen (2025) . Brasilia Brasilia 0.69, 0.73, Brasilia o
[85] LST™™M Deep Learning 4/4 INT NA 092,1.00,  1.00,0.95, NA NA " 094, 0.98, Goiania Olagrgsgj‘g
Goiania Goiania 0.88, 0.92, Belo Coi’ér;ia !
0.69, 0.57, 0.95, 0.98, Horizonte 0.79, 0.75. 0.67
Belo Belo 0.79, Rio de ’ B,elc; !
Horizonte Horizonte Janeiro 0.88, 0.92, Horizonte
0.73,0.72, 1.00, 1.00, Sao Paulo 0.90, 0.85. 0.84
Rio de Rio de 0.88, Curitiba 0.90, O
. . Rio de
Janeiro Janeiro, 0.83 Janeiro
0.88, 0.88, 1.00, Sao 0.94 0.94
Sao Paulo Paulo 1.00, Séo ija'uk;
0.90, 0.88, 1.00,
L. o 0.95, 0.94,
Curitiba Curitiba Curitiba
0.85,0.78 1.00, 0.94 0.93, 0.86
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Table 2. Cont.
First Princival N Variables
Author P AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
Guangdong
SVM 0.96,
Feature Guangdong SVM Guang-
. dong KNN
selection: 0.96, Guangdong 0.96
Regression + 3/13 KNN 0.96, Gu.an, )
Chen fuzzy Hybrid/ (Zhejiang) GuangdongRF " 1§F
& c-means + Y ylang), INT NA NA NA NA NA 0.96, Zhejiang 5
(2025) [26] Superensemble  9/13 (Guang- 0.96,
THLOA,; dong) SVM 0.96, Zheiian
Classifica- & Zhejiang KNN SVI\/} 0 9%
tors: SVM, 0.96, Zhejiang RF Zhejia'ng,
KNN, RF 0.96 KNN 0.96,
Zhejiang
RF 0.96
Chowdhury Hybrid/
(2025) [27] ANN, XGB Superensemble 4/7 INT 10-fold CV NA NA NA NA NA NA NA
Conde-
Gutiérrez ANN Classical ML 5/5 INT NA NA NA NA NA NA NA
(2024) [104]
da Silva
(2022) [36] RF Tree Ensemble 44/44 INT NA NA NA NA NA NA NA
da Silva INT 70/30
(2025) [87] RF Tree Ensemble 2/2 temporal split NA NA NA NA NA NA NA
Backpro-
Dala (2021) o ation Classical ML 4/4 INT NA NA NA NA NA NA NA
[29] NN
Dang Anh .
GLM + Hybrid/
Tua[ri 1(35)25) XGB,LSTM  Superensemble NA NA NA NA NA NA NA 0.80-0.90 NA
Dhaked 1D-CNN Deep Learning 4/4 INT 80/20 split NA NA NA NA NA NA NA

(2025) [30]
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Table 2. Cont.
First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
. Cases overall:
D"“[g(lz]ozo) LSTM Deep Learning 6/6 INT NA NA NA NA NA 0.89; deaths NA
overall: 0.81
INT TS split
Ed fi LSTM + train 2010-2018;
(2512515)“[33’? Grey Wolf ~ Deep Learning 4/3 test NA NA NA NA NA NA NA
Optimizer January-March
2019
Farooq XGB + 2018 0.97; 2018 0.86; 2018 0.95;
(2022) [91] SHAP Tree Ensemble 57/57 INT 2019 0.93 2019069 2019093 NA NA NA NA
ég;‘ll)o‘[g] GRU,LSTM  Deep Learning 12/12 INT NA NA NA NA NA NA NA
Hybrid ML
GAM 0.69, RF
Francisco ((Sill\le Hybrid/ INT TS split 0.79, CIF 0.79, 3?91\/[811%96 571:
! 4 8-30/8-30 train 2009-2012; SVM 0.75, NA NA NA NA g L NA
(2024) [33] ANN, Superensemble test 2013 ANN 071 SVM 0.57, ANN
SVM/SVR, XGB 0 '79’ 0.51, XGB 0.59
XGB) '
Gu‘fﬁ]om SVR Classical ML 5/12 INT NA NA NA NA NA >0.90 NA
INT SB-CV o
Hamlet BRT Tree Ensemble 18/18 (~200 0.93 (95% CI: NA NA NA NA NA NA
(2021) [89] 0.90-0.96)
bootstraps)
Handari .
(2021) [35] LSTM Deep Learning 4/4 INT NA NA NA NA NA NA NA
INT temporal
split train
Holcomb Hybrid/ 2015-2019; test
(2023) [105] RE, NN Superensemble 12/>20 2020-2021; NA NA NA NA NA NA NA
LOOCYV by
year/state

https:/ /doi.org/10.3390/make8010015


https://doi.org/10.3390/make8010015

Mach. Learn. Knowl. Extr. 2026, 8, 15 24 of 66
Table 2. Cont.
First Princival N Variables
Author Al Molc)iel AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
(Year) Considered
Husin _—
(2016) [36] GANN Other/Heuristic NA NA NA NA NA NA NA NA NA
1513%%024) LSTM Deep Learning 1/1 INT hTOSld'OUt NA NA NA NA NA 0.71 NA
Ismail
(2022) [38] RF Tree Ensemble 13/13 INT 10-fold CV 0.98 0.97 0.96 NA NA 0.95 NA
Javaid 23/16 (18 INT random
(2023) [29] RF Tree Ensemble after prepro- 80/20 split; NA 0.97 NA 0.96 NA 0.94 0.97
cessing) k-fold CV
~ Bangkok Bangkok Bangkok
Jayabalan CB Tree Ensembl 23 INT 70/30 B];mrglkloléof’ 0.98; NA 0.96; NA Bangkok 0.97; 0.96;
(2024) [39] ce Bnsemble train-test split anglaces Bangladesh Bangladesh Bangladesh 0.98  Bangladesh
0.98
0.96 0.99 0.98
I?;égg)r?zgf ANFIS  Other/Heuristic 3/8 EXT NA NA NA NA NA NA NA
Kesorn SVM with
(2015) [43] kernel RBF Classical ML 9/9 INT 10-fold CV NA 0.94 0.94 NA NA 0.88 NA
’ (SVM-R)
Kla“[ii]zom LASSO Classical ML NA/77 INT NA NA NA NA NA NA NA
Koh (2018) NN(AR(2)) Time-
[45] with rainfall  series/Statistical 2/4 INT NA NA NA NA NA NA NA
INT TS split
Koplewitz train 2010-2015;
(2022) [90] RF Tree Ensemble 10-15/NA test 2016 rolling NA NA NA NA NA NA NA
00S
Kuldcar WRF Mechanistic NA INT 10-fold CV NA 0.88 0.95 0.85 NA 0.94 0.86

(2024) [46]
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Table 2. Cont.
First Princival N Variables
Author Al Molc)iel AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
(Year) Considered
Kumar De INT 80/20
Y SVR Classical ML 4/4 train-test; CV NA NA NA NA NA 0.75 NA
(2022) [47]
on same dataset
Kuo (2024) RF Tree Ensemble 121/121 INT 10-fold CV 0.95 0.97 0.73 NA NA 0.87 NA
[48]
Puerto
5%131‘2311.{1;?1;%‘01 Puerto Rico < 24 R}lf% <972 4
Laureano Rico <5 & 65 Izi:c(()).t%Slz:Z?o' Puerto
: . y: 0.71; Y Rico <5 &
Rosario ANN Classical ML 9/12 INT . NA NA NA NA 0.58; Mexico < 24
Mexico < 24 65y: 0.81;
(2018) [106] y: 0.51; .
y: 0.88; : Mexico <24
Mexico <5 & Mexico <5 & 65 y: 0.80;
65 y: 0.90 y: 0.66 Mexico < 5
& 65y:0.73
Li (2022) LSTM Deep Learnin 7/7 INT NA NA NA NA NA NA NA
[115] P &
Li (2022) LSTM,
LSTM + Deep Learnin 6/6 INT TS split NA NA NA NA NA NA NA
[91] P g P
Attention
Guangzhou Guangzhou
Liu (2016) . . 0.87; 0.92; Guangzhou 0.92;
[49] CART Classical ML 1/2 INT 10-fold CV NA Zhong- Zhong- NA NA Zhongshan 0.95 NA
shan 0.96 shan 0.94
Liu (2020) LSTM Deep Learnin, 144/144 INT NA NA NA NA NA NA NA
[50] P g
Lonﬁ]%m) slélii Xl\(jlfij Supljry:r’lrsljrfl ble 28/28 INT 4-fold CV NA NA NA NA NA NA NA
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Table 2. Cont.
First Princival N Variables
Author P AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
INT temporal
Lu (2025) MLR, LSTM, Hybrid/ validation train
[51] SI-SIR Superensemble 5/5 2014-2018; test NA NA NA NA NA NA NA
2019-2020
Maieed INT vs.
yee LSTM Deep Learning 9/9 benchmark NA NA NA NA NA NA NA
(2023) [53]
model
Majeed LSTM Deep Learnin 8-10/8-10 INT NA NA NA NA NA NA NA
(2025) [54] P &
Maieed? INT vs.
J LSTM Deep Learning 9/9 benchmark NA NA NA NA NA NA NA
(2023) [52]
model
Mayrose MobileNet INT
4 Deep Learning 12/20 train/val/test 0.98 + 0.01 097 +£0.03 0.99 £ 0.01 0.99 + 0.01 NA 0.98 + 0.01 0.98 + 0.01
(2024) [55] V3Small split
Mills (2025)  Median Hybrid/ 6/6 INT 0.88 0.82 0.94 NA NA NA NA
[92] Ensemble Superensemble
INT 5-fold
DT, RF, GB, TSCV on train DT: 0.93; RF: 0.96;
Mobin XGB, SVR, Hybrid/ 80%; XGB: 0.93; GB:
(2025) [56]  KNN (Daily ~ Superensemble 78-86/78-86 independent NA NA NA NA NA 0.92; SVR: 0.90; NA
dataset) hold-out test KNN: 0.89
20%
Muhamad
Krishnan ANN Classical ML 4/4 INT NA 0.99 0.01 NA NA 0.69 NA
(2022) [57]
Mulwa INT 80/20 split;
XGB Tree Ensemble 5/5 5-fold CV for 0.89 0.99 NA 0.99 NA 1.00 NA
(2024) [109] funing
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Table 2. Cont.
First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
Al Model .
(Year) Considered
INT TS split
. . train January
Mussumeci LASSO, Hybrid/ .
(2020) [93] LSTM., RF Superensemble 6/6 2010-June 2017; NA NA NA NA NA NA NA
val/test July
2017-June 2018
Mustaffa Time- INT train/test
(2024) [58] NNAR series/Statistical /1 split NA NA NA NA NA NA NA
Necesito .
(2021) [59] LSTM Deep Learning 1/1 INT NA NA NA NA NA NA NA
ETC (best
model),
CatBoost,
Ningrum XGB, Hybrid/ INT 80/20
(2024‘%) [20] LightGBM, S ryn mbl NA train-test split ETC: 0.95 ETC: 0.61 NA ETC: 0.89 NA ETC: 0.89 ETC: 0.72
LSTM, CBR, uperensemble ain-test sp
GB, OMP,
Huber
Regressor
Olmoguez
(2019) [60] RF Tree Ensemble 2/8 INT NA NA NA NA NA NA NA
EXT temporal
Ong (2018) validation train
[61] RF Tree Ensemble 8/8 2006-2013; test NA NA NA NA NA NA NA
2014-2016
ML and
Boruta
LR, DT, RF, features
SVM, NB, . . selection: LR
0“5‘[3 6%023) XGB, - fﬁr;iﬁ ble 7/8 INT tsralli‘t‘/ val 079, DT 0.65, NA NA NA NA NA NA
AdaBoost + P P RF 0.75, SVM
Boruta 0.82, XGB
0.72,
AdaBoost 0.62

https:/ /doi.org/10.3390/make8010015


https://doi.org/10.3390/make8010015

Mach. Learn. Knowl. Extr. 2026, 8, 15

28 of 66
Table 2. Cont.
First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
Al Model .
(Year) Considered
Pan&(jlm) XEWNet  Deep Learning 2/2 INT NA NA NA NA NA NA NA
Patra (2025) CNN + . INT train/test
[63] BiLSTM Deep Learning 1/1 split NA NA NA NA NA NA NA
RF,
Puengpreedaa AdaBoost, Hybrid/
(2020) [64] ETC, Superensemble NA INT NA NA NA NA NA NA NA
LASSO
. . LightGBM LightGBM
Rahman XGB, Tree Ensernble 18/18 H\J:dleo':ﬁigtv ; XﬁBi‘t’g;ﬁg’ LightGBM  LightGBM ngg‘t;BM 098 XG-  LightGBM 0.97, 0.96,
(2025)[65]  LightGBM P & 0.96 0.98 7l Boost XGBoost 0.95 XGBoost
test set 0.84 XGBoost 0.95
0.96 0.95
INT 5-fold CV
on train
2003-2018;
Rer{ 6(5?24) RF Tree Ensemble 11/11 independent 0.92 NA NA NA NA 0.95 NA
temporal
validation
2019-2022
. INT temporal
Roster RF, GB, Hybrid/ :
(2023)[94]  SVR,MLP  Superensemble 9/9 expanding- NA NA NA NA NA NA NA
window CV
PLS: 0.75 PLS: 0.84
PLS: 0.88 (95% (95% CTI: (95% CIL:
CI: 0.86-0.90); 0.71-0.78);  0.83-0.84);
glmnet: 0.89 glmnet: glmnet: PLS:0.88; PLS: 0.76:
INT 70/30 (95% CI: 0.79 (95% CI: 093 (95% CL: PLS: 0.70; glmnet: PLS: 0.84: elmnet: ln.m.e " !
Salami PLS, glmnet, Hybrid/ 17/17 train-test; 0.87-0.91); RF:  0.76-0.82); 0.92-0.93);  glmnet: 0.83; 0.91; RF: 0 89 Rl’:go 9 ’ ((;;81' RF.'
(2020) [108] RF, XGB Superensemble 5 x 10-fold CV  0.97 (95% CI: RF: 0.89 RF: 0.93 RF: 0.90; 0.94; .XC/;B' 0 9’5 ’ 0 91/XGB
on train 0.96-0.98); (95% CI: (95% CIL: XGB: 0.93 XGB: o ’ 0’ 90 '
XGB: 0.97 0.87-0.91);  0.92-0.93); 0.96 ’
(95% CI: XGB: 0.88 XGB: 0.94
0.96-0.98) (95% CI: (95% CI:
0.86-0.91) 0.94-0.95)
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Table 2. Cont.
First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
Al Model .
(Year) Considered
E}fld?mlo- Epidemio-
ogical looi
. ogical
only: RF )
0.75-0.80 only: RF
. . . ’ P 0.75-0.80, Epidemiological
Epidemiological SVM )
SVM only: RF
only: RF 0.80, 0.70-0.75,
0.70-0.75, 0.85-0.88, SVM
SVM 0.75; ANN
ANN 070-072  0.75-0.85: 0.68-0.72; 0.78, ANN
Salim (2021) RF, SVM, Hybrid/ INT 70/30 T Co Epidemio- 0.72-0.75;
5/5 Epidemiologi-  Epidemio- . NA NA . . . NA
[67] ANN Superensemble hold-out LS - logical + Epidemiological +
cal + Climatic: logical + o -
‘ . Climatic: Climatic data: RF
RF 0.88-0.90, Climatic:
RF 0.85-0.88, SVM
SVM 0.82-0.85, RE 0.85-0.90 0.80-0.85, ANN
ANN 0.75-0.80  0.85-0.90, ’ P ’ 7
SVM 0.75-0.80
SVM
0.75-0.85,
0.75-0.85,
ANN
ANN 0.70-0.80
0.70-0.80 ’ ’
Salsabiila CNN- INT 80/20
(2025) [68] BiGRU + Deep Learning 4/4 temporal split; NA 0.79 NA 0.88 NA 0.74 0.82
Attention CV for ablation
Sanchez
Lépez SVM Classical ML 10/10 INT 0.96 0.97 NA NA NA 0.97 0.97
(2023) [95]
INT
Sanchez- chronological
Gendriz LSTM Deep Learning 2/2 split 20162018 NA NA NA NA NA NA NA
(2022) [96] train; 2019 test;
30 runs
Sebastianelli CatBoost, Hybrid/ VIaI;IiE;Sirgr? ;);;iL
(2024) [97] SVMi{II:,STM’ Superensemble 20-40/42 2001-2016; test NA NA NA NA NA NA NA

2017-2019
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Table 2. Cont.

First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
Al Model .
(Year) Considered
Optimized
Ensemble
Shaikh (CNN + Hybrid/ -
(2023) [69] ANN + Superensemble 20/NA INT validation NA NA NA NA NA NA NA
SVM,
NC-DEFO)
Shl[%(])m) LASSO Classical ML 60/226 INT CV NA NA NA NA NA NA NA
Siddikur RF, XGB,
Rahman LightGBM +  Tree Ensemble 22/22 INT NA NA NA NA NA NA NA
(2025) [71] SHAP
DFFN (deep
Soli feed-
o uman forward Deep Learning 7/7 EXT NA NA NA NA NA NA NA
(2020) [98]
neural
network)
Naive
Sood (2020)  Bayesian Classical ML 17/17 INT 10-fold CV NA 0.93 0.93 0.92 NA 0.93 0.92
[116] Network
(NBN)
Aracaju 1.00; Belo
Horizonte 0.80;
Diffusion Manaus 0.80;
Souza (2022)  “ypooey Classical ML 2/2 INT NA NA NA NA Na  Recife0.20; Rio de NA
[99] SVM (RBE) Janeiro 1.00;
Salvador 0.80; Sao
Luis 1.00. Mean:
0.80 £ 0.20
Stavelin . INT TS rolling
(2022) [72] LSTM Deep Learning 20/20 forecast NA NA NA NA NA NA NA
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Table 2. Cont.
First Princival N Variables
Author p AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
Teurlai .
(2015) [110] SVM Classical ML 5/34 INT NA NA NA NA NA NA NA
Theodorak Differential
COCOIeXOS  Eyolution  Other/Heuristic NA INT NA NA NA NA NA NA NA
(2017) [100] .
(Numerical)
Tian 2024) oy xcB Hybrid/ 19/19 INT 80/20 NA NA NA NA NA NA NA
[73] Superensemble train-test split
Tuan (2024) RF, GB Hybrid/ INT
ua e 4 13/13 cross-sectional + NA NA NA NA NA NA NA
[74] LSTM Superensemble TS
Wu (2021) SVR, RE, Hybrid/ INT
“ A yor 12/12 chronological NA NA NA NA NA NA NA
[75] ANN (MLP)  Superensemble .
split 83/17
Superensemble:
F1
(SIR-EAKEF),
F2
Yamana (Bayesian Hybrid/
(2016) [107] weighted Superensemble NA EXT NA NA NA NA NA NA NA
outbreaks),
F3
(historical
likelihood)
Yavari Bayes Net: + TRF
. Bayes Net . INT 10-fold CV o
Nejad (2021) (BN) + TRF Classical ML 6/7 (WEKA 3.8) NA NA NA NA NA 0.92; without TRF NA
[76] 0.91
ARDL +
LSTM, SVR,
Yeh (2025) MLP, Hybrid/ INT train/test
[77] GRNN, RBF,  Superensemble 8/8 (+lags) split NA NA NA NA NA NA NA
GMDH,
GEP

https:/ /doi.org/10.3390/make8010015


https://doi.org/10.3390/make8010015

Mach. Learn. Knowl. Extr. 2026, 8, 15 32 of 66

Table 2. Cont.

First Princival N Variables
Author P AI Category Included vs. Validation AUC Sensitivity =~ Specificity PPV/Precision NPV Accuracy F1-Score
AI Model .
(Year) Considered
Hybrid NN
+ RNN +
. EnKF su- .
YiQ023) - ensem- Hybrid/ NA NA NA NA NA NA NA NA NA
[78] ble Superensemble
(PICTUREE-
Aedes)
Zha[(1> O(f]o 20) RF Tree Ensemble  25-30/25-30 INT NA NA NA NA NA NA NA
Zhao (2023) CNN- . 1w 0.88; 2w 0.85;
[79] BiLSTM Deep Learning 3/3 INT NA NA NA NA NA 3w 0.81;4 w078 NA

AUC = Area Under the ROC Curve; AdaBoost = Adaptive Boosting; ANFIS = Adaptive Neuro-Fuzzy Inference System; AR(2) = autoregressive model of order 2; ARDL = Autoregressive
Distributed Lag; BN = Bayesian Network; Boruta = Boruta feature selection; BRT = Boosted Regression Trees; CART = Classification and Regression Tree; CatBoost = Categorical Gradient
Boosting; CBR = CatBoost Regressor; CIF = Conditional Inference Forest; CNN = Convolutional Neural Network; CNN-BiLSTM = Convolutional Neural Network + Bidirectional LSTM;
DFEN = Deep Feed-Forward Network; DT = decision tree; EAKF = Ensemble Adjustment Kalman Filter; EnKF = Ensemble Kalman Filter; ETC = Extra Trees Classifier; EXT = external
validation; F1-score = harmonic mean of precision and recall; GAM = Generalized Additive Model; GB = Gradient Boosting; GANN = Genetic Algorithm Neural Network; GEP = Gene
Expression Programming; glmnet = Elastic-Net Regularized GLMs; GMDH = Group Method of Data Handling; GRNN = General Regression Neural Network; GRU = Gated Recurrent
Unit; Huber Regressor = robust regression with Huber loss; IHLOA = Improved Harris Hawks/Heuristic Learning Optimization Algorithm (feature selection); INT = internal validation;
KNN = k-Nearest Neighbours; LASSO = Least Absolute Shrinkage and Selection Operator; LightGBM = Light Gradient Boosting Machine; LOOCV = Leave-One-Out Cross-Validation;
LR = Logistic Regression; LSTM = Long Short-Term Memory; LSTM + attention = LSTM with attention mechanism; MLP = Multilayer Perceptron; MobileNetV3Small = lightweight
CNN architecture; N = Number; NARX = Nonlinear Autoregressive Network with Exogenous Inputs; NB = Naive Bayes; NBN = Naive Bayesian Network; NN = Neural Network;
NNAR = Neural Network Autoregression; NPV = Negative Predictive Value; OMP = Orthogonal Matching Pursuit; OOS = Out-of-Sample; PPV (Precision) = Positive Predictive
Value; PLS = Partial Least Squares; RF = Random Forest; RBF = Radial Basis Function (kernel); SB-CV = Spatial Block Cross-Validation; SHAP = SHapley Additive exPlanations;
SI-SIR = Susceptible-Infectious/Susceptible-Infectious—Recovered (compartmental model); SIR-EAKF = SIR model with Ensemble Adjustment Kalman Filter; SVM = Support Vector
Machine; SVR = Support Vector Regression; SWR = Short-Wave Radiation; SST = Sea Surface Temperature; TSCV = Time-Series Cross-Validation; w = Week; WRF = Weather Research
and Forecasting.
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Table 3. Results of regression metrics for the principal AI models used in the included studies.

First Author Principal AI Metric Scale (Unit-

2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Akhﬁgz(]zmg) NARX NN Classical ML NA NA NA NA NA NA NA NA
. DT +

Al Mobin Sequential Classical ML cases-monthly- 4759.06 9296.35 NA 0.94 NA NA NA

(2024) [18] Squeeze FS national
Anggraeni . . cases—monthly—city Surabaya 19.11; Surabaya 30.11; Surabaya 0.31;

2021) [19] BiLSTM Deep Learning level Malang 25.73 Malang 28.65 NA NA Malang 0.18 NA NA
A“n[‘; 3019) CNN Deep Learning NA NA NA NA NA NA NA NA
A““[‘; 5024) CNN Deep Learning NA NA NA NA NA NA NA NA
Appice (2020) A (\TICNN  Classical ML cases—monthly- NA 32 states: 13; 17 NA NA NA NA NA

[103] regional active states: 7
. . GAM 2152;
Baquero (2018)  GAM, ANN Hybrid/ cases—monthly—city O
[80] (MLP), LSTM Superensemble level NA Ensembileéé&, MLP NA NA NA NA NA

Benedum cases—weekly—city

(2020) [111] RF Tree Ensemble level 6.3 NA NA NA NA NA NA
B"ga?gol %2023) LSTM Deep Learning NA NA NA NA NA NA NA NA
Bomftg;](mzo) NN Classical ML NA NA NA NA NA NA NA NA

. . Regional incidence:
Regional incidence: rfsr%: 2414.53; ranger
rfsrc 32.55; ranger 11,018.55; rf 2539.72;
7436, 114019, onsbl ensbl 2445.02. Yearly
Lo Y incidence: rfsrc
Buebos- cases—10 incidence: rfsrc 4314.84: raneer
Esteve (2024) RF Tree Ensemble davs_regional 39.56; ranger 41.24; NA 5210 2'9. /f 37 4‘% 15: NA NA NA NA
[23] aysmregiona rf 41.97; ensbl 39.82. bl 530,55,
Regional mortality: Re eiosnal mor.tal.it .
rfsrc 0.79; ranger rfgrc 278 rangery-
0.82; rf 0.73; ensbl 577, rf.2 64. ensbl
1.36 69 41
Campbell .
(2015) [83] DT Classical ML NA NA NA NA NA NA NA NA

https:/ /doi.org/10.3390/make8010015


https://doi.org/10.3390/make8010015

Mach. Learn. Knowl. Extr. 2026, 8, 15 34 of 66
Table 3. Cont.
First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Carvajal (2018) RF Tree Ensemble  P€T 1000 population- 0.15 021 NA NA NA NA NA
[24] weekly—city level
Chef‘z(%ms) LASSO Classical ML NA NA NA NA NA NA NA NA
Top3/Worst3 out of
27 = 1 month: Top Top3/Worst3 out of
Roraima 6.36; 27 = 1 month: Top
Amapa 27.45; Santa Catarina 15.21;
Sergipe 41.52; Worst Ceard 15.51;
Espirito Santo Pernambuco 15.84;
6300.78; Minas Worst Rio Grande do
Gerais 5088.71; Sul 56.30; Roraima
Chen (2024) . cases—monthly— Parané 4450.76; 3 44.31; Rondonia
[84] LSIM+SHAP  Deep Learning national months: Top 40.93; 3 months: Top NA NA NA NA NA
Roraima 5.70; Sergipe 18.62;
Amapa 37.99; Roraima 20.76;
Sergipe 44.62; Worst Pernambuco 22.94;
Minas Gerais Worst Rio Grande do
28,714.48; Santa Sul 826.28; Sao Paulo
Catarina 23,381.95; 570.01; Santa
Espirito Santo Catarina 418.37
20,177.49
Manaus 75.45, Manaus 29.95,
Belém 23.98, Belém 29.28,
Fortaleza 247.27, Fortaleza 22.59,
Salvador 228.55, Salvador 23.95,
. Brasilia 1067.66, Brasilia 22.12,
Chefg?]OZS) LSTM Deep Learning Cases_vlveieelfy‘“ty Goiania 439.02, Belo NA NA Goiania 23.26, NA NA NA
Horizonte 1483.27, Belo Horizonte
Rio de Janeiro 22.47,Rio de
819.73, Sao Paulo Janeiro 21.87,
1102.75, Curitiba Sao Paulo 22.18,
65.99 Curitiba 25.33
Feature
selection:
Regression +
Cheng (2025)  fuzzy c-means Hybrid/
[26] +IHLOA; Superensemble NA NA e NA NA NA NA S
Classificators:
SVM, KNN,
RF
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Table 3. Cont.
First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Chowdhury Hybrid/ cases—monthly— ANN 1260.98; XGB ANN 2229.66; XGB ANN 1.92; XGB
(2025) [27] ANN, XGB Superensemble national 479.44 918.83 NA 2.25 NA NA NA
Non-
severe
dengue
Conde- Non-severe dengue D2:71;1e
. . cases-weekly— 0.26; Dengue with '8
Gutiérrez ANN Classical ML . NA . ; NA NA NA with NA
(2024) [104] regional warning signs 0.17; warnin
Severe dengue 0.04 . &
signs 0.98;
Severe
dengue
0.81
Bimonthly (b1-b6):
2014: 4.67,5.57,3.79,
. . 4.51, 3.24, 2.34; 2015:
da 511[\;;](2022) RF Tree Ensemble Caseii‘tb lﬁsre‘lthly‘ NA 9.19,4.44,2.97,521, NA NA NA NA NA
y 5.12,5.99; 2016: 4.15,
3.88,4.38,3.15,3.94,
3.30
Natal D
0.92-0.95;
Natal CD
0.90.
Natal D 57.8-71.8; Iquitos
Natal CD 97.9. CD
. . Iquitos CD 2.78-4.16; 0.85-0.89;
da SII[VE;](ZOZS ) RF Tree Ensemble Cases_vlveieelfy‘“ty Iquitos D 4.02. NA NA NA NA NA Iquitos D
Barranquilla HD 0.81. Bar-
6.09-6.67; ranquilla
Barranquilla CD 7.81 HD
0.94-0.95;
Barran-
quilla CD
0.92
Dal;%”” Backpropagation  ciagsical ML NA NA NA NA NA NA NA NA
Dang Anh .
Tuan (2025) GLM + XGB, Hybrid/ NA NA NA NA NA NA NA NA
[112] LSTM Superensemble
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Table 3. Cont.
First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Dhak[e%](m%) 1D-CNN Deep Learning Cases‘nl‘é’:;f‘ly‘“ty 31.49 56.45 3187.43 NA NA NA NA
Don[g(f]mo) LSTM Deep Learning NA NA NA NA NA NA NA
Edussuriva LSTM + Grey cases—monthly— Without GWO 25.45;
y Wolf Deep Learning s Y NA GWO: 20.45; final NA NA NA NA NA
(2021) [32] Opbtimi district level )
ptimizer model: 10.84
Faroc[)gl(]2022) XGB +SHAP  Tree Ensemble NA NA NA NA NA NA NA
. 100,000
Ferdousi . per oY GRU 0.34 + 0.02;
(2021) [88] GRU, LSTM Deep Learning popu!atlf)n—weekly— LSTM 0.36 + 0.01 NA NA NA NA NA NA
district level
Hybrid ML
. (CIE RE, : ~ »
Francisco GAM, ANN, Hybrid/ cases—weekly—city NA NA NA NA NA NA NA
(2024) [33] SVM/SVR Superensemble level
XGB)
Guangzhou
0.99,
Foshan
Guangzhou 16.26, 0.99,
Foshan 1.05, Zhong-
Guo (2017) . cases-weekly— Zhongshan 0.35, shan 0.99,
[34] SVR Classical ML provincial NA Zhuhai 0.57, NA NA NA Zhuhai NA
Shenzhen 0.80, 0.99,
Other cities 0.27 Shenzhen
0.99,
Other
cities 0.99
Haml[ggf”l) BRT Tree Ensemble NA NA NA NA NA NA NA NA
Handari cases—weekly— West 10.13, South
(2021) [35] LSTM Deep Learning district leve}ll NA 5.63, East 9.58, North NA NA NA NA NA
- 5.34, Central 4.79
Holcomb Hybrid/ cases—annual— . .
(2023) [105] RF, NN Superensemble national RF 21.30; NN 22.70 RF 30.10; NN 31.60 NA NA NA NA NA
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Table 3. Cont.
First Author Principal AI Metric Scale (Unit- 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Sepang 0.07; Hulu
. Selangor 0.06; Hulu
Husin (2016) GANN Other/Heuristic cases—weekly— NA NA Langat 0.07; Klang NA NA NA NA
[36] district level
0.06; Kuala Selangor
0.06
Islam (2024) LSTM Deep Learning cases—monthly- 301.64 41423 NA 28.78 NA NA NA
[37] national
5.46; after
Tmail (2022) RF Tree Ensemble NA NA NA NA removal of NA NA NA
[38] entomological
data 8.32
J avai[‘; 9(]2023 ) RF Tree Ensemble NA NA NA NA NA NA NA NA
Jayabalan
(2024) [40] GB Tree Ensemble NA NA NA NA NA NA NA NA
Kerdprasop L cases—-monthly—city
) ANFIS Other/Heuristic 151.51 216.54 NA NA NA NA 0.83
(2020) [41] level
SVM with
Kesofi‘%(]zm) kemel RBF  Classical ML NA NA NA NA NA NA NA NA
- (SVM-R)
Kiang (2021) . cases—-monthly— LASSO: Bangkok,
[44] LASSO Classical ML provincial I-month ahead 423.7 NA NA NA NA NA NA
Koh (2018) NN(AR(2)) Time- cases—weekly—city
[45] with rainfall series /Statistical level NA NA . NA NA NA NA
1w0.853 1w0.93;3
Koplewitz cases—weekly—city 1w 11.03;3w 17.62; w 0.62; 6 w 0.80; 6
(2022) [90] RE Tree Ensemble level NA 6w 22.06; 8 w 23.36 NA NA NA w040;8  w0.67;8
w 0.34 w 0.60
Ku“‘[ir(foz‘” WRF Mechanistic NA NA NA NA NA NA NA
Kumar Dey SVR Classical ML, Cases—monthly—city 495 NA NA NA NA NA NA
(2022) [47] level ’
Ku‘f 4%]024) RF Tree Ensemble NA NA NA NA NA NA NA NA
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Table 3. Cont.
F“S(ty‘:zzshm P“l‘\‘;(‘)lt’;ll AL Al Category %;“;’rsigz::ﬁ MAE RMSE MSE MAPE SMAPE R? r
Laureano
Rosario (2018) ANN Classical ML NA NA NA NA NA NA NA NA
[106]
Test 2018-2019: 1w Test 2018-2019: 1w
0.27;2w 0.27;3w 0.35;,2w 0.34; 3w
027, 4w 0.26;5w 0.34;4w 0.35;5w
0276 w0.31;7w 0.34; 6 w0.40; 7w
0.30; 8w 0.29; 9w 0.37, 8w 0.38, 9w
0.29; 10w 0.31; 11w  0.38;10 w 0.39; 11w
Jog(cases)-weekly— 0.27; 12 w 0.33. Test 0.34; 12 w 0.40. Test
Li (2022) [115] LSTM Deep Learning 5 conal Y 2019 peak 2019 peak NA NA NA NA NA
regiona (January—August): 1 (January-August): 1
w020;,2w0.19;3w  w0.23;2w0.22;3w
0.20;4w 0.21;5w 0.25;4w 0.25;5w
0.19;,6 w0.21; 7w 022,66 w0.26; 7w
0.22; 8w 0.23;9w 0.28;8w 0.29; 9w
0.27; 10w 0.22; 11w 0.32; 10 w 0.28; 11 w
0.23; 12w 0.28 0.28; 12w 0.33
Federal District LSTM  Federal District LSTM
w/ocases: 1w053,2  w/ocases: 1w 0.70;2
w 0.56; 3w 0.50; 4 w w 0.73; 3w 0.66; 4 w
0.50; LSTM with cases:  0.66; LSTM with cases:
1w042;2w041;3w  1w053,2w052;3w
0.40; 4 w 046; 0.50; 4 w 0.56;
LSTM-ATT w/o cases: LSTM-ATT w/o cases:
1w053,2w 049, 3w 1w0.66,2w0.68, 3w
0.46;4w 047; 0.61;4w 0.61;
LSTM-ATT with cases:  LSTM-ATT with cases:
1w042,2w 0383w  1w053,2w046;,3w
Li (2022) [91] Lfgfeksgﬁd Deep Learning IOg(C"‘riesi)o‘r‘l’;fe“y_ 040; 4 w 0.43; 049; 4 w 0.51; NA NA NA NA NA
& Fortaleza LSTM w/0 Fortaleza LSTM w/0
cases: 1w 044;2w cases: 1w 0.55; 2w
047;3w 045;4w 043; 057;3w 059;4w 0.55;
LSTM with cases: 1w LSTM with cases: 1w
0.35;2w 0.35;3w 040; 042;2w 044; 3 w 0.50;
4w 044; LSTM-ATT 4w 0.56; LSTM-ATT

w/o cases: 1 w041;2
w044;3w 0454w
043; LSTM-ATT with
cases: 1w 0.26;2w
0.34;3w 0.33;4w 0.39

w/o cases: 1w 0.51;2
w053;,3w 0574w

0.55; LSTM-ATT with
cases: 1w 0.33;2w

0.46; 3w 043;4 w 051
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Table 3. Cont.
First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
1w Guangzhou 3.22,
Liu (2016) [49] CART Classical ML~ Cases—weekly—city NA Zhongshan 0.37; 1-3 NA NA NA NA NA
level w Guangzhou 3.72,
Zhongshan 0.38
Liu (2020) [50] LSTM Deep Learning cases-weekly— NA NA NA NA NA NA NA
district level
RF0.84
Long (2025) RF, XGB, SVR, Hybrid/ cases—annual— NA RF 0.42; XGB 0.46; RF 0.18; XGB 0.21; NA NA XGB 0.82; NA
[113] MLP Superensemble national MLP 0.53; SVR 0.61 MLP 0.28; SVR 0.37 MLP 0.75;
SVR 0.68
Pre-lockdown
Pre-lockdown 13.97; During
Lu (2025) [51] MLR, LSTM, Hybrid/ cases—weekly— 204.36; During NA NA lockdown 87.03; NA NA NA
SI-SIR Superensemble national Extended
lockdown 434.02 S
validation
13.12-17.09
Best/Worst by
look-back = 1 m Best
SA-LSTM (Cli-
mate/time/geography)
3.27; Worst SA-LSTM
(Climate) 6.77; 2 m Best
A-LSTM (Cli-
mate/time/geography)
3.10; Worst LSTM
(Climate/time) 5.01; 3
m Best SA-LSTM (Cli-
mate/time/ geography)
Majeed (2023) . cases-weekly— 4.56; Worst S-LSTM
(53] LSTM Deep Learning national NA (Climate//time) 632; 4 NA NA NA NA NA

m Best SA-LSTM
(Climate) 3.01; Worst
SLSTM
(Climate/time) 4.88; 5
m Best SA-LSTM (Cli-
mate/time/geography)
3.37; Worst LSTM
(Climate) 6.69; 6 m Best
SA-LSTM (Cli-
mate/time/geography)
4.32;, Worst S-LSTM
(Climate) 744
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First Author Principal AI Metric Scale (Unit- 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
ST-SLSTM 2.66 +
0.57; ST-LSTM 3.61
+ 0.57; SSA-LSTM
3.17 £ 0.41;
Majeed (2025) . cases-weekly— STA-LSTM 3.67 +
[54] LSTM Deep Learning national NA 0.60; TA-LSTM 3.66 NA NA NA NA NA
=+ 0.63; SA-LSTM
3.87 £ 0.58; S-LSTM
4.13 £ 0.59; Plain
LSTM 4.15 + 0.61
LSTM: 4.15 £+ 0.61;
S-LSTM: 4.13 £+ 0.59;
TA-LSTM: 4.13 £
0.59; STA-LSTM:
Majeed2 . cases—monthly— 3.67 + 0.60;
(2023) [52] LST™M Deep Learning national NA SA-LSTM: 3.87 & NA NA NA NA NA
0.58; SSA-LSTM
(stacked + spatial
attention): 3.17 £
0.41
Mayrose . .
(2024) [55] MobileNetV3SmallDeep Learning NA NA NA NA NA NA NA
. . . per 100,000
Mills (2025) Median Hybrid/ population- NA 0.81 NA NA NA 0.74 NA
[92] Ensemble Superensemble .
monthly—provincial
DT, RF, GB, . . . . RF 3.6, DT 4.5;
Mobin (2025) XGB, SVR, Hybrid/ cases—monthly— RF 90; DT 114; XGB RF 176; DT 225; XGB XGB 5.0; GB 5.4;
[56] KNN (Daily Superensemble national 121; GB 132; SVR 240; GB 260; SVR NA SVR 5.9; KNN NA NA NA
dataset) 147; KNN 161 290; KNN 320 6 é
Muhamad
Krishnan ANN Classical ML NA NA NA NA NA NA NA NA
(2022) [57]
Mulx[/\]/%9(12024) XGB Tree Ensemble NA NA NA NA NA NA NA NA
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Table 3. Cont.
First Author Principal AI Metric Scale (Unit- 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Mussumeci LASSO, Hybrid/
(2020) [93] LSTM, RF Superensemble NA NA NA NA NA NA NA NA
Mustaffa Time- cases—-weekly—
(2024) [58] NNAR series/Statistical national NA 597.74 NA 0484 NA NA NA
. . 2016: 0.58;
Necesito . cases—monthly—city 2016: 32.14; 2017: ; ’
(2021) [59] LST™M Deep Learning level NA 38.41; 2018: 28.06 NA NA NA A 3?)11;'- ?)gi'
ETC (best
model),
CatBoost,
Ningrum XGB, Hybrid/ cases-weekly—
(2024) [20] ]I“Sl%ﬁcggé’ Superensemble district level MAE 0.63 1.09 1.20 NA NA 0.56 NA
GB, OMP,
Huber
Regressor
Olmoguez
(2019) [60] RF Tree Ensemble NA NA NA NA NA NA 0.73 NA
O“g[ 6(]2]018) RF Tree Ensemble NA NA NA NA NA NA NA NA
LR, DT, RF,
SVM, NB, .
Ong (2023) XGB, Hybrid/ NA NA NA NA NA NA NA NA
[62] AdaBoost + Superensemble
Boruta
Puerto Rico 26 w Puerto Rico 26 w
Panja (2023) per 10,000 5.66, 52 w 42.14; 7.69,52 w 68.49;
Ell 4] XEWNet Deep Learning  population-weekly—  Peru26 w 1.57,52w  Peru 26 w 1.98, 52 w NA NA NA NA NA
regional 2.50; India 26 w 2.36, 4.73; India 26 w 2.04,
52 w 6.55 52 w 9.98
Patra (2025) CNN + . cases—weekly—
163] BiLSTM Deep Learning national 54.53 106.96 NA NA NA 0.94 NA
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F“S(ty‘:zzshm P“l‘\‘;(‘)lt’;ll AL Al Category %;“;’rsigz::ﬁ MAE RMSE MSE MAPE SMAPE R? r
Chiang
Rai h10.92
RE, Chiang
Rai h2 0.82
RE, Chiang
Rai h3 0.72
RE, Chiang
Rai h4 0.61
Chiang Rai h1 237.98 RE, Muk-
Chiang Rai h1 10.98 RF, Chiang Rai h2 dahan hl
RF, Chiang Rai h2 543.87 RF, Chiang 0.81
16.44 RF, Chiang Rai Rai h3 847.23 RF, AdaBoost,
h3 21.27 RE, Chiang Chiang Rai h4 Mukda-
Rai h4 25.65 RF, 1193.56 RF, han h2
Mukdahan h1 1.61 Mukdahan h1 5.52 0.76 ETC,
AdaBoost, AdaBoost, Mukda-
Mukdahan h2 1.80 Mukdahan h2 6.91 han h3
Puengpreedaa  RF, AdaBoost, Hybrid/ cases—weekly— ETC, Mukdahan h3 NA ETC, Mukdahan h3 NA 0.68 NA
(2020) [64] ETC, LASSO Superensemble provincial 2.05 LASSO, 9.18 LASSO, LASSO,
Mukdahan h4 2.02 Mukdahan h4 10.12 Mukda-
RF, Pattani h1 2.83 RF, Pattani h1 17.13 han h4
ETC, Pattani h3 3.20 ETC, Pattani h3 0.65 RF,
AdaBoost, Pattani h4 18.20 AdaBoost, Pattani hl
3.37 LASSO, Pattani h4 22.16 0.78 ETC,
Ayutthaya h3 9.34 LASSO, Ayutthaya Pattani h3
RF, Ratchaburi h4 h3 155.30 RF, 0.78
8.56 AdaBoost Ratchaburi h4 116.05 AdaBoost,
AdaBoost Pattani h4
0.73
LASSO,
Ayutthaya
h3 0.56 RF,
Ratch-
aburi h4
047
AdaBoost
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First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
LightGBM
Rahman XGB, 0.09,
(2025) [65] LightGBM Tree Ensemble NA NA NA NA NA NA XGBoost NA
0.84
Rer} ég;m) RF Tree Ensemble NA NA NA NA NA NA NA NA
Mean, median: train:  Mean, median: train:
GB Corr 39.0, 8.8; GB GB Corr 68.1, 13.6;
PCMCI 38.7,89;,GB  GB PCMCI 67.6,13.9;
OnlyD 38.3, 8.9; GB GB OnlyD 67.3, 13.5;
Clim 414, 9.7, MLP GB Clim 72.5, 15.6;
Corr 44.0,12.1; MLP MLP Corr 74.6,17.7;
PCMCI 41.7,12.4; MLP PCMCI 71.2,
MLP OnlyD 48.2, 18.7; MLP OnlyD
13.0; MLP Clim 53.8,  78.6,18.3; MLP Clim
. 22.7; RF Corr 37.4, 89.9, 32.0; RF Corr
R"St‘[?; 4(]2023) RE, S/EPSVR' Su Hg’kr’l“drfl bl Ca;?st;imt"lnthlf’ N 8.9; RFPCMCI38.8, 67.4,15.4; RF PCMCI NA NA NA NA NA
perensemble istrictleve 85;REOnlyD 372,  67.9, 14.2; RF OnlyD
8.6; RF Clim 42.6, 9.6; 67.3,15.5; RF Clim
SVR Corr 54.6, 15.1; 73.5,15.6; SVR Corr
SVR PCMCI 54.6, 90.5, 18.0; SVR
15.3; SVR OnlyD PCMCI 904, 18.8;
55.3,14.9; SVR Clim SVR OnlyD 90.5,
53.0, 14.8; test: RF 17.7; SVR Clim 91.1,
OnlyD 53.7,12.2; 19.9; val: RF OnlyD
City specific best 130.4, 25.4; City
525,119 specific 119.2, 26.5
Salami (2020) PLS, glmnet, Hybrid/
[108] RF, XGB Superensemble NA NA NA NA NA NA NA NA
Salim (2021) RF, SVM, Hybrid/
[67] ANN Superensemble NA NA NA NA S NA NA NA
Salsabiila CNN-BiGRU . cases—weekly—city . .
(2025) [68] + Attention Deep Learning level TiDE-PSO 45.10 TiDE-PSO 75.76 NA NA NA NA NA
Sanchez
Lopez (2023) SVM Classical ML NA NA NA NA NA NA NA NA
[95]
Sanchez-
Gendriz (2022) LSTM Deep Learning NA NA NA NA NA NA NA 0.92
[96]
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F“S&‘:‘;shm P“R‘;{‘)‘(’iﬂ AL Al Category %;“éi’rsigz::f) MAE RMSE MSE MAPE SMAPE R? r
Ronddnia 0.24; Acre
. . CatBoost, . per 100,000 ) ’ )
Sebastianelli Hybrid/ . 0.28; Amazonas 0.23;
(2024) [97] SVMiJf:STM’ Supeg;nsemble populatlor.l— NA Roraima 0.12; Piaui NA NA NA NA NA
monthly—national 0.08
Optimized
Shaikh (2023) (CEIEQTEEN Hybrid/ cases-weekly—city - 573 NA NA 004 NA NA
[69] +SVM, Superensemble level ’ ’ '
NC-DEFO)
1w: 17 (95% CIL:
Shi (2016) [70] LASSO Classical ML NA NA NA NA 16-19); 12 w: 24 NA NA NA
(95% CI: 22-26)
RF Climate test
RF Climate test 0.65,  RF Climate test 0.71, 016, RF Climate
RF Climate training RF Climate training training 0.15, RF
0.42, RF SocDem test  0.67, RF SocDem test SocDem test 0.17,
0.85, RF SocDem 0.79, RF SocDem RF SocDem
training 0.48, RF training 0.56, RF training 0.14, RF
Landscape test 0.87, Landscape test 0.78, Landscape test 0.15,
RF Landscape RF Landscape RF Landscape
training 0.47, training 0.65, training 0.12, XGB
XGBoost Climate test ~ XGBoost Climate test Climate test 0.13,
0.51, XGBoost 0.62, XGBoost XGB Climate
Climate training 042,  Climate training 0.58, training 0.12, XGB
XGBoost SocDem XGBoost SocDem SocDem test 0.17,
test 0.53, XGBoost test 0.68, XGBoost XGB SocDem
Siddikur RE, XGB, . thiv— SocDem training 0.52, ~ SocDem training 0.53, training 0.132, XGB
Rahman LightGBM + Tree Ensemble cases ?onl Y XGBoost Landscape ~ XGBoost Landscape NA Landscape test 0.16, NA NA NA
(2025) [71] SHAP nationa test 0.54, XGBoost test 0.67, XGBoost XGB Landscape
Landscape training Landscape training training 0.13,
0.41, LightGBM 0.54, LightGBM LightGBM Climate
Climate test 0.28, Climate test 0.36, test 0.09,
LightGBM Climate LightGBM Climate LightGBM Climate
training 0.24, training 0.32, training 0.05,
LightGBM SocDem LightGBM SocDem LightGBM
test 0.46, LightGBM test 0.53, LightGBM SocDem test 0.11,
SocDem training 041,  SocDem training 0.42, LightGBM
LightGBM LightGBM SocDem training
Landscape test 0.47, Landscape test 0.57, 008, LightGBM
LightGBM LightGBM Landscape test 0.11,
Landscape training Landscape training LightGBM
0.34 042 Landscape training
009
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First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
DFEN (deep
Soliman (2020)  feed-forward D . per 1? 0’.000 A A A A a0
98] neural eep Learning population— 6.36 8.93 N N N N 0.
network) monthly—national
Naive
Sooﬁ 1((%]020) Eae}:f;arrﬁ Classical ML NA NA NA NA NA NA NA NA
(NBN)
Diffusion
S"“Z[gé‘]zm) Maps + SVM  Classical ML NA NA NA NA NA NA NA NA
(RBF)
Univariate Slicel
2010-2015 1.20;
Stavelin (2022) . log(cases)-monthly— Slice2 2011-2019 Univariate
[72] LST™™M Deep Learning district level NA 130; mean 1.25; SD NA NA NA 1.00 NA
0.05; Multivariate
1.13
Te“r[lﬁ (2?015) SVM Classical ML NA NA NA NA NA NA NA
Theodorakos Differential cases—monthly—
(2017) [100] Evolution Other/Heuristic national 40.18 106.30 11,869.5 NA NA NA NA
(Numerical)
XGB (lag +
XGB (lag + XGB (lag + temporal)
0.83; SVM
temporal) 89.12; temporal) 156.07; 0.50- XGB
Tian (2024) Hybrid/ cases—weekly— SVM 160.73; XGB SVM 268.83; XGB (t.err{poral
(73] SVM, XGB Superensemble national (temporal only) (temporal only) NA NA NA only) 0.49; NA
p 160.65; XGB (no 232.58; XGB (no XGYB o
lag/no temporal) lag/no temporal) lag /no
175.49 247.86 &
temporal)
0.42
Tuan (2024) Hybrid/ cases—monthly— RF 232.22; GB 206.60; RF 381.52; GB 336.40;
[74] RF, GB, LSTM Superensemble rovincial LSTM 89.15 LSTM 106.23 NA NA NA NA NA
P P
SVR, RF, ANN Hybrid/
Wu (2021) [75] (MLP) Superensemble NA NA NA NA NA NA NA
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First Author Principal AI Metric Scale (Unit— 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Superensemble:
F1
(SIR-EAKF), Timing, Peak, Total:
Yamana (2016) F2 (Bayesian Hybrid/ cases—-weekly—city SE(F1,F2) 3.3, 21,
[107] weighted Superensemble level 473, SE(F1,F2,F3) 3.7, NA NA NA NA NA NA
outbreaks), F3 20, 486
(historical
likelihood)
Yavari Nejad Bayes Net .
(2021) [76] (BN) + TRF Classical ML NA NA NA NA NA NA NA NA
Kaohsiung (high
incidence area):
ARDL + SVR
. . 34.3; ARDL +
Kesing (g LS5
ARDL + SVR 4.25; ARDL + GRNN
39.2; ARDL +
ARDL + LSTM 4.41; RBF 39.4: ARDL
ARDL + GRNN 4.68; + MLI; 1’ st
ARDL + RBF 4.79; OgIstc
36.6; ARDL +
ARDL + MLP
. GEP 39.1; ARDL
logistic 4.83; ARDL + + GMDH 37.9
GEP 5.20; ARDL + Tainan (hi h
GMDH 5.62. Tainan _a 5
ARDL + (high incidence incidence area):
LSTM, SVR, . . ‘ ARDL + GEP
Yeh (2025)[77]  MLE,GRNN, ¢ Hybrid/ cases-monthly—city NA area): ARDL + GEP NA 30.1; ARDL + NA NA NA
uperensemble level 0.76; ARDL + SVR .
RBF, GMDH, SVR 33.4; ARDL
0.83; ARDL + GRNN
GEP + GRNN 34.7;
0.84; ARDL + RBF
ARDL + RBF
0.91; ARDL + MLP
e 33.9; ARDL +
logistic 0.93; ARDL + MLP loeistic
LSTM 0.96; ARDL + L o8
GMDH 1.08. Taipei 32.1; ARDL +
(low inciden'ce arPe)a)' LSTM 328;
ARDL + MLP ‘g‘ZR;D LT; GNHD I;
logistic 1.46; ARDL + - iaer:fee;re‘;).
GRNI\SI\}ELZ{' QRDL * ARDL + MLP
’ logistic 30.8;
ARDL + GRNN
37.2; ARDL +
SVR 34.4
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Table 3. Cont.
First Author Principal AI Metric Scale (Unit- 2
(Year) Model AI Category Temporal-Spatial) MAE RMSE MSE MAPE SMAPE R r
Hybrid NN +
RNN + EnKF
Yi (2023) [78] ~ Superensem- Hybrid/ NA NA NA NA NA NA NA NA
ble Superensemble
(PICTUREE-
Aedes)
1w0.93,2w0.95,3
w0.94,4w 0955w
Zhao (2020) cases—weekly— 0.95,6 w094, 7w
[101] RE Tree Ensemble district level 0.93,8 w 0.92,9 w NA NA NA NA NA NA
0.90, 10 w 0.89, 11 w
0.87,12w 0.86
1w 73.30-85.00; 2 w
Zhao (2023) . . 1w 41.40; 2 w 53.01; 1 e
[79] CNN-BiLSTM Deep Learning NA 3w 65.99: 4 w 79.44 90.33; 3w 112.65; 4 NA NA NA NA NA

w 136.36

ANFIS = Adaptive Neuro-Fuzzy Inference System; ANN = Artificial Neural Network; AR(2) = autoregressive model of order 2; ARDL = Autoregressive Distributed Lag; BN = Bayesian
Network; BRT = Boosted Regression Trees; CBR = Case-Based Reasoning; CD = Dengue with Climate; CNN = Convolutional Neural Network; D = Dengue only; DEFO = Differential
Evolution Optimization; DFFN = Deep Feed-Forward Network; DT = decision tree; ENKF = Ensemble Kalman Filter; ETC = Extra Trees Classifier; F1 = SIR-EAKF Superensemble
model variant; F2 = Bayesian weighted outbreaks superensemble model variant; F3 = historical likelihood superensemble model variant; FS = feature selection; GAM = Generalized
Additive Model; GANN = Genetic Algorithm Neural Network; GB = Gradient Boosting; GEP = Gene Expression Programming; GLM = Generalized Linear Model; GMDH = Group
Method of Data Handling; GRNN = General Regression Neural Network; GRU = Gated Recurrent Unit; GWO = Grey Wolf Optimizer; HD = Humidity (Dengue with Humidity);
IHLOA = Improved Harris Hawks Optimization Algorithm; KNN = K-Nearest Neighbours; LASSO = Least Absolute Shrinkage and Selection Operator; LightGBM = Light Gradient
Boosting Machine; LR = Logistic Regression; LSTM = Long Short-Term Memory; MAE = Mean Absolute Error; MAPE = Mean Absolute Percentage Error; MLP = Multi-Layer
Perceptron; MLR = Multiple Linear Regression; MSE = Mean Squared Error; NARX NN = Nonlinear AutoRegressive Network with eXogenous inputs Neural Network; NB = Naive
Bayes; NC-DEFO = Novel Combined Differential Evolution Optimization; NN = Neural Network; NNAR = Neural Network Autoregression; OMP = Orthogonal Matching Pursuit;
PICTUREE-Aedes = Hybrid NN + RNN + EnKF Superensemble model; PLS = Partial Least Squares; R? = Coefficient of Determination; RBF = Radial Basis Function; RF = Random
Forest; RMSE = Root Mean Squared Error; r = Pearson Correlation Coefficient; SA-LSTM = Spatial Attention Long Short-Term Memory; SE = Superensemble; SHAP = SHapley Additive
exPlanations; SI-SIR = Spatially Informed Susceptible-Infectious-Recovered model; S-LSTM = Standard Long Short-Term Memory; SMAPE = Symmetric Mean Absolute Percentage Error;
SIR-EAKEF = Susceptible-Infectious-Recovered Ensemble Adjustment Kalman Filter; SSA-LSTM = Stacked Spatial Attention Long Short-Term Memory; STA-LSTM = Spatiotemporal
Attention Long Short-Term Memory; ST-LSTM = Spatiotemporal Long Short-Term Memory; ST-SLSTM = Spatiotemporal Stacked Long Short-Term Memory; SVR = Support Vector
Regression; SVM = Support Vector Machine; TA-LSTM = Temporal Attention Long Short-Term Memory; TRF = Trust Region Framework; w = Week; WRF = Weather Research and
Forecasting model; XGB = Extreme Gradient Boosting.
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3.7.2. Regression Metrics

In classical ML studies, MAE values ranged from 4.57 [47] (MLR, monthly, city level) to
4759.06 [18] (DT + Sequential Squeeze FS, monthly, national). Notably, 2 studies conducted
on the same scale (cases-monthly-city level) reported markedly different MAE values using
MLR: 4.57 [47] in one case and 200.68 [41] in another, highlighting substantial variability
even within identical spatiotemporal settings. The reported RMSE values spanned from
0.04 [104] for an ANN model predicting severe dengue (weekly, regional) to 9296.35 [18] for
DT + Sequential Squeeze FS (monthly, national). It is relevant that, within the same monthly
national scale and using comparable DT-based approaches, the RMSE of 5.43 £ 0.43 [52]
reported in another study was substantially lower due to model overfitting on a very small
dataset. One study [36] reported MSE within the classical ML category (NN Regression,
weekly, district level), with values ranging from 0.06-0.08 in Hulu Selangor (Malaysia) to
98.55 in Hulu Langat. Reported MAPE ranged from 0.94 [18] (DT + Sequential Squeeze FS,
monthly, national) to 17-24 [70] for LASSO (weekly forecasts). SMAPE was not reported by
any study. For R?, values ranged from 0.18 [60] (MLR) to 0.99 [34] (SVR across provincial
settings). Finally, r ranged from 0.50 [41] (MLR, monthly, city level) to 0.91 [90] for LASSO at
a 1-week horizon, with progressively lower correlations at longer horizons (0.76 at 3 weeks,
0.61 at 6 weeks, and 0.56 at 8 weeks).

3.8. Tree-Ensemble Models
3.8.1. Classification Metrics

Among tree-ensemble models, AUC values were consistently high, ranging from
0.84 [71] (LightGBM) to 0.99 [40] (AdaBoost and XGB). Reported sensitivity ranged from
0.64 [40] (RF, Bangkok) to 0.99 [109] (XGB). Some XGB [91] configurations displayed marked
0.98 [71] (LightGBM). For PPV, values ranged from 0.88 [40] (RF) to 0.99 (GB in Bangladesh
and XGB [109]), with consistently strong precision across ensemble approaches. NPV
was reported in only one [71] study; it differed across years (0.86 in 2018 vs. 0.69 in 2019),
reflecting changes in feature windows or data availability. Specificity values varied between
0.73 [48] (RF) and 0.98 (LightGBM) and 0.96 (XGBoost). Accuracy values spanned 0.79 [40]
(RF)-1.00 [109], with the perfect score achieved by XGB in one study, while lower values
reflected imbalanced datasets. Finally, Fl-scores ranged from 0.72 [20] (Extra Trees) to
0.98 [40] (GB), with most ensemble models showing F1 values > 0.90, confirming a strong
balance between sensitivity and precision across settings.

3.8.2. Regression Metrics

In tree-ensemble studies, MAE values ranged from 0.15 [24] (RE, weekly, city level, per
1000 population) to 97.9 [87] in categorical dengue settings (RE, weekly, city level). Several
studies operating on the same monthly national scale with RF, XGB, and LightGBM reported
MAESs between 0.24 and 0.87 [71], showing relatively tight clustering across different
feature groups. Reported RMSE values extended from 0.21 [24] (RF, weekly, city level,
per 1000 population) up to 23.36 [71] (RE, weekly, city level, 8-week horizon). Tree-ensemble
models applied at monthly national scale [71] (RF, XGB, LightGBM with SHAP) consistently
reported RMSEs below 1.0, with LightGBM yielding the lowest values (0.32-0.57). In
contrast, weekly city-level [90] forecasting displayed clear horizon-dependent increases
(11.03 at 1 week vs. 23.36 at 8 weeks). For MSE, values ranged from 1.20 [20] (ETC, weekly,
district level) to over 5000 [23] in 10-day regional incidence forecasts (ranger and ensemble
configurations). Reported MAPE values ranged from 0.05-0.17 [71] for LightGBM, RF,
and XGB at monthly national scale (training and test), up to 8.32 [38] in RF models when
entomological covariates were removed, indicating substantial sensitivity of tree-based
predictors to domain-specific input features. SMAPE was not reported by any tree-ensemble
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study. For R?, estimates ranged from 0.09 [71] (LightGBM) to 0.85 [90] at short horizons
in weekly city-level RF models, with values declining systematically as forecast length
increased (0.62 at 3 weeks, 0.40 at 6 weeks, 0.34 at 8 weeks). Finally, r values ranged
from 0.39 [98] (RF, monthly, national) to 0.95 [87] across several weekly city-level districts
(e.g., Natal and Barranquilla).

3.9. Deep Learning Models
3.9.1. Classification Metrics

Among deep learning approaches, AUC was reported in a single study [55],
with the principal model (MobileNetV3Small) and its comparators (ResNet50 and Mo-
bileNetV3Large) all achieving 0.98 + 0.01.

Reported sensitivity showed substantial variability across architectures and locations,
ranging from values near 0.00 [85] in city-specific LSTM forecasts (e.g., Belém, Fortaleza)
to 0.97 £+ 0.03 [55] in MobileNetV3Small. Specificity was generally higher, spanning
0.33-1.00 [85] across LSTM thresholds and cities, and reaching 0.99 £ 0.01 [55] in Mo-
bileNetV3Small and ResNet50/MobileNetV3Large. For precision, values ranged from
0.88 [68] (CNN-BiGRU with attention) to 0.99 & 0.01 [55] (MobileNetV3Small), while NPV
was not provided in any study. Reported accuracy varied widely depending on the model
architecture and forecast horizon, from 0.26-1.00 [21] in CNN spatiotemporal experiments
to 0.98 & 0.01 [55] in MobileNetV3Small and ResNet50/MobileNetV3Large. LSTM models
exhibited broad cross-city variability (approximately 0.63-0.98 [85], depending on threshold
and location), while horizon-dependent CNN-BiLSTM [79] predictions declined from 0.88
at 1 week to 0.78 at 4 weeks. Finally, F1-scores ranged from 0.00 [85] to 0.98 [55], with the
lowest values again observed in city-level LSTM forecasts with extreme class imbalance
and the highest in MobileNetV3Small and ResNet50/MobileNetV3Large.

3.9.2. Regression Metrics

Among deep learning models, MAE values varied substantially across architectures
and spatiotemporal scales, ranging from 0.20 to 0.53 [91] in log-weekly-regional LSTM
configurations to values exceeding 1000 [85] in several weekly city-level LSTM applications
(e.g., Belo Horizonte 1483; Brasilia 1067). Monthly national LSTM forecasts showed MAEs
of 301.64 [37], while BiLSTM and 1D-CNN models at monthly city scale reported values
between 19.11 and 31.49 [19]. Reported RMSE values ranged from 0.22 to 0.40 [91] in
log-weekly-regional LSTM models to >800 in monthly national forecasts under high-
incidence conditions. City-level weekly LSTM outputs showed RMSEs between 4.79
and 10.13 [35], while CNN-BiLSTM and 1D-CNN models at monthly and weekly city
scale returned a higher value, at 106.96 [63]. For MSE, only one study [30] provided
data, reporting 3187.43 for a monthly 1D-CNN at city level. Reported MAPE varied
from approximately 21-30% [85] in individual LSTM predictions to >40% in several LSTM
baseline configurations, with notable cross-city variability. SMAPE was reported only
from 1 [19] study, with BiLSTM values of 0.18-0.31 at monthly city scale. For R?, estimates
ranged from 0.91 to 0.94 [63] for CNN-LSTM hybrid and ConvLSTM models to 1.00 [72]
in univariate LSTM settings. Finally, r values ranged from 0.42 [98] (deep feed-forward
networks) to 0.92 [59] in LSTM models, with year-to-year improvements observed in
multi-year evaluations (e.g., from 0.58 in 2016 to 0.92 in 2018).

3.10. Hybrid/Superensemble Models
3.10.1. Classification Metrics

Across hybrid and super-ensemble approaches, AUC values ranged widely depending
on the underlying base learners, from 0.62 to 0.82 [62] in lower-performing models within
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multi-algorithm frameworks (e.g., ANN, DT, AdaBoost) to 0.93-0.97 [108] in stronger
ensembles based on RF, XGB, glmnet, and PLS. Reported sensitivity extended from 0.42 to
0.49 [46] in weaker decision-tree or SVM configurations to 0.99 [95] in ensemble-optimized
RF, DT, and AdaBoost models. Specificity showed a similar spread, ranging from 0.67 [33] in
basic GAM/ANN/SVM configurations to 0.95 [108] in glmnet, RE, and XGB. For precision,
values ranged from 0.41 to 0.48 [46] in NB/DT/SVM models to 0.90-0.93 [108] in RF and
XGB. NPV was reported less frequently but ranged from 0.87 [65] to 0.96 [108] in GLM and
XGB. Reported accuracy varied substantially, from 0.29 to 0.42 [18] in simple KNN/GB/SVR
settings to 0.99 [95] in enriched hybrid pipelines combining feature selection with multiple
classifiers. Finally, F1-scores ranged from 0.41 to 0.51 [46] in weaker NB/SVM/DT models to
0.95-0.99 [95] in sophisticated hybrid frameworks (e.g., PCA/GOOSE/PSO, AdaBoost, RF).

3.10.2. Regression Metrics

MAE values spanned a very broad range across scales and settings, from 0.17 to
0.27 [24] per 1000 population at weekly city level (GAM/GB) and from 0.43 to 0.52 [92] per
100,000 population at monthly provincial level (GLM, RE, XGB, LSTM), up to >50,000 [84]
cases in the worst long-horizon state-level forecasts of climate-/case-based LSTM and
Bayesian models in Brazil. Reported RMSE ranged from 0.02 [33] in weekly case—city-level
settings (GAM, RF, CIF, SVM, ANN, XGB) to >20,000 [18] cases for some monthly national
SVR and XGBoost models. Where reported, MSE values ranged from 0.18 to 0.37 [113]
at the annual national scale (RF, XGB, MLP, SVR) to >80,000 [30] for monthly city-level
ANN in high-incidence settings. MAPE values ranged from <1 to 6% [18] for several
national monthly ensembles (RF, XGB, GB, SVR, KNN) to 30-70% [77] in ARDL-based
city-level hybrids and exceeded 900-1400% [84] in the worst-performing state—horizon
combinations of Brazilian LSTM and Bayesian RE models. SMAPE was rarely reported
but, where available, was low (0.04-0.08) [69] for optimized weekly city-level ensembles
(e.g., CNN + ANN + SVM, LSTM-RF). For R?, estimates ranged from 0.00 to 0.98 [34], while
no study reported r for hybrid /super-ensemble regression models.

3.11. Time-Series/Statistical Models
3.11.1. Classification Metrics

Regarding time-series and statistical baselines, AUC was reported in a single study,
with a temporal average baseline achieving a value of 0.78 [25]. Accuracy was likewise
available from only one [37] comparative analysis, in which ARIMA and Prophet models
reached 0.58 and 0.60, respectively. Sensitivity, specificity, PPV, NPV, and the Fl-score were
not reported by any study in this category.

3.11.2. Regression Metrics

MAE values ranged from 2.80 [64] (moving average baseline, weekly, provincial) to
433.21 [37] (ARIMA, monthly, national). Reported RMSE spanned from 293.9 [94] in a
statistical baseline (seasonal naive) with monthly cases at the district level to 6806 [80]
(naive monthly city-level model). MSE was reported in a single [64] study, with values
ranging widely across provinces and forecast horizons, from 6.47 to 32.86 for baseline and
moving-average models (Mukdahan, Pattani) up to 1729.00 in naive forecasts for Chiang
Rai at longer horizons. MAPE was seldom reported and varied from 39.66 to 42.18 [37]
for Prophet and ARIMA up to 94.84 [58] for NNAR (weekly, national). SMAPE was not
provided by any time-series/statistical study. For R?, only naive and moving-average
baselines reported values, ranging from 0.07 (weekly, provincial, long horizon) to 0.97 [64]
(weekly, provincial, short horizon), while r was never reported.
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3.12. Mechanistic and Heuristic Models

Because only a small number of studies relied on mechanistic or heuristic approaches,
their performance metrics are reported together.

3.12.1. Classification Metrics

Classification outcomes were seldom reported. Among mechanistic approaches,
only [46] study (WRF) provided evaluation metrics, reporting a sensitivity of 0.88, a speci-
ficity of 0.95, a precision of 0.85, an accuracy of 0.94, and an F1-score of 0.86. For heuristic
and rule-based systems, only one study [116] reported classification results, comparing
Bayesian Belief Networks, neural networks, and fuzzy systems; these models showed
highly consistent performance, with sensitivity, specificity, accuracy, and Fl-scores all
ranging between 0.88 and 0.89.

3.12.2. Regression Metrics

Regression metrics were reported infrequently across mechanistic and heuristic studies.
Among the heuristic approaches, ANFIS [41] showed an MAE of 151.51, an RMSE of 216.54,
and an r = 0.83 at the monthly city level, while differential evolution models [100] yielded
an MAE of 40.18-308.68, an RMSE between 40.04 and 106.30, and an MSE from 1627.11
to 11,869.5 across national monthly settings. One [36] heuristic GANN model reported
only case-specific deviations (0.06-0.07) at the weekly district level. Mechanistic studies
provided limited numerical outputs: the SIR + EAKF ensemble [107] reported timing, peak,
and total-case errors (e.g., 4.8, 25, 519 for its primary configuration), without standard
regression metrics. Overall, regression performance in this category remains sparsely
documented and highly heterogeneous.

3.13. Descriptive Performance Patterns Based on Unweighted Comparative Analyses
3.13.1. Classification Performance

Across studies, substantial heterogeneity was observed in the performance of the
evaluated modelling approaches. Overall, classification metrics demonstrated systematic
differences in performance distributions, with tree-ensemble and classical machine-learning
models generally showing higher stability and deep-learning models exhibiting greater
variability (Figure 6). The distribution of AUC values showed consistently high discrimi-
nation for tree-ensemble models, with most estimates exceeding 0.85, while classical ML
approaches spanned a wider range (0.65-0.96). Hybrid and superensemble methods also
showed high AUC values but were represented by few observations, whereas single esti-
mates from deep-learning and time-series/statistical models limited interpretability. For
sensitivity, tree-ensemble models demonstrated the highest and most stable performance,
with most values above 0.85. Classical ML models displayed broader dispersion (0.73-0.99),
while deep-learning models showed the widest range overall, with sensitivities extending
from 0.00 to 1.00 across different LSTM configurations. Few observations represented
hybrid and mechanistic approaches. The distribution of specificity values also varied con-
siderably. Tree-ensemble methods showed strong and concentrated performance (typically
0.90-0.98). Classical machine-learning estimates ranged more widely (0.70-0.95), and deep-
learning models again showed substantial dispersion (0.33-1.00). Hybrid and mechanistic
approaches contributed limited additional observations. Regarding PPV, tree-ensemble
models yielded consistently high precision, with estimates typically between 0.89 and
0.99. Classical machine-learning estimates were more variable (0.70-0.92). Deep-learning
models generally performed well, with most values clustering between 0.88 and 0.99.
Mechanistic modelling contributed a single data point. For NPV, only tree-ensemble and
classical machine-learning models reported estimates. Tree-ensemble approaches demon-
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strated high NPV (0.94-0.98), whereas classical machine-learning values were slightly lower
(0.88-0.91). No other modelling families contributed NPV metrics. The distribution of
accuracy values showed that tree-ensemble models achieved the most stable and high-
est performance (0.87-1.00). Classical machine-learning models spanned a broad range
(0.20-0.97). Deep-learning models exhibited the widest variability, extending from very
low scores (0.26) to perfect accuracy (1.00), reflecting strong dependence on architecture
and study conditions. Hybrid and mechanistic approaches provided fewer observations.
Finally, F1-scores indicated that tree-ensemble models achieved the highest and most consis-
tent balance between precision and recall (typically 0.90-0.98). Classical machine-learning
models showed broader dispersion (0.73-0.97). Deep-learning approaches exhibited the
broadest range overall (0.00-0.98), highlighting variability in class-balance handling across
datasets and architectures. Mechanistic modelling contributed only a single estimate.
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Figure 6. Unweighted distributions of classification performance metrics across modelling families.
The figure presents the distribution of seven classification metrics (accuracy, AUC, Fl-score, NPV,
PPV, sensitivity, and specificity) across five modelling families: classical machine learning, deep
learning, hybrid /superensemble, mechanistic, and tree-ensemble approaches. Each subplot displays
horizontal box-and-scatter representations in which boxplots are shown only when >3 observations
were available; otherwise, point estimates are plotted individually. Metrics are reported as observed
in the original studies without weighting, transformation, or standardisation.
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3.13.2. Regression Performance

Regression metrics revealed marked heterogeneity across studies, largely driven
by differences in spatial scale, temporal resolution, and underlying case magnitude.
Overall, error distributions showed consistent scale-dependence: low errors occurred
in fine-resolution forecasts, whereas larger errors were associated with national-level or
high-incidence settings.

For RMSE (Figure 7), multi-panel stratification showed four distinct magnitude
regimes. In the very small range (<1), tree-ensemble, hybrid, and deep-learning mod-
els showed tightly clustered errors, indicating stable performance under low-incidence,
high-resolution conditions. The small-error range (1-10) displayed broader but still moder-
ate variability across modelling families. Medium-range RMSE values (10-1000) showed
pronounced heterogeneity, most evident among deep-learning and classical machine-
learning models, reflecting mixed spatial /temporal contexts. The largest RMSE values
(>1000) originated primarily from national-scale predictions using classical ML and time-
series/statistical models.
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Figure 7. Root mean squared error (RMSE) distributions stratified by error magnitude across mod-
elling families. Panels represent predefined RMSE ranges (<1, 1-10, 10-1000, >1000). Within
each panel, horizontal boxplots and jittered points display unweighted study-level estimates for tree-
ensemble, classical machine-learning, deep-learning, hybrid/superensemble, time-series/statistical,

and heuristic models.

Magnitude-stratified MAE distributions confirmed these scale effects (Figure 8). Very
small errors (<1) were mostly produced by tree-ensemble and classical ML models applied
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to weekly district/provincial data. Small errors (1-10) encompassed several modelling fam-
ilies, with variability driven more by data granularity than by algorithm choice. Medium-
scale MAE values (10-1000) showed broader dispersion, especially for deep-learning and
tree-ensemble methods in monthly national or city-level forecasts. Large errors (>1000)
were associated primarily with national-level deep-learning and classical ML models.

Very small (=1) Small (1-10)

Tree Ensemble li “

Hybrid / Superensemble *; X %
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Classical ML — —
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Figure 8. Multi-panel visualisation of mean absolute error (MAE) values reported across included
studies, stratified into four predefined magnitude ranges (very small <1, small 1-10, medium 10-1000,
large >1000) to account for scale-dependent behaviour of absolute errors. Within each panel, MAE
distributions are displayed by modelling family using horizontal boxplots with overlaid jittered
points representing individual study estimates.

MAPE distributions further supported this pattern (Figure 9). Tree-ensemble and
classical ML models consistently produced the lowest percentage errors, including several
estimates below 1%. Moderate errors (2-15%) were observed across tree-ensemble, hybrid,
and some deep-learning approaches. Most deep-learning configurations showed wider dis-
persion (20-36%). The highest errors (>90%) occurred exclusively in time-series/statistical
models. MSE values also reflected strong dependence on geographic and temporal gran-
ularity (Figure 9). Tree-ensemble models spanned from near-zero to several thousand,
particularly in regional 10-day forecasts. Deep-learning models ranged from low-error
district-level settings to much higher values in monthly city-level predictions. Classical
ML models generally occupied the lower range, while hybrid and heuristic approaches
appeared at both extremes, depending on scale. For R?, classical ML demonstrated the
most consistently high explanatory power (0.75-0.99) (Figure 9). Tree-ensemble meth-
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ods showed wider variation, ranging from low (0.09) to high (0.92-0.85), depending on
study context. Deep-learning models reported high values, including near-perfect fits.
Hybrid /superensemble models exhibited intermediate-to-high values but were repre-
sented by few observations. The correlation coefficient r showed similar patterns (Figure 9).
Tree-ensemble models achieved the strongest and most stable correlations (0.60-0.95). Deep-
learning models were more heterogeneous (0.42-0.92), though several achieved strong
correlations (>0.80). The heuristic model contributed a single mid-high value (0.83).
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Figure 9. Comparative visualisation of regression-based performance metrics across modelling
families. Multi-panel display summarising mean absolute percentage error (MAPE), mean squared
error (MSE), coefficient of determination (R?), and Pearson’s correlation coefficient (r) for all included
studies. Each subplot reports the unweighted distribution of study-level estimates across modelling
families, illustrating differences in error magnitude, dispersion, and predictive agreement.

3.14. Assessment of Risk of Bias Using PROBAST

Across the 98 included studies, the overall methodological quality was highly variable
(Figure 10). Using PROBAST, 63 studies were judged at high overall risk of bias, 23 at low
risk, and 12 at unclear risk. At the domain level, the participant and predictor domains
showed the most favourable profiles, with >78% of studies rated as low risk, reflecting the
reliance on routinely collected surveillance and environmental datasets. In contrast, the
analysis domain represented the most critical source of bias: over 60% of studies received
a high-risk judgement. Common limitations included lack of transparent reporting of
preprocessing steps, inconsistent handling of missing or imbalanced data, absence of
hyperparameter tuning procedures, and insufficient safeguards against overfitting.
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Figure 10. Distribution of risk-of-bias assessments across the five PROBAST domains.

4. Discussion
4.1. Interpretation of Main Findings

This review provides the most extensive multi-metric, cross-model synthesis to date
of forecasting performance for mosquito-borne viral diseases across classical machine-
learning, tree-ensemble, deep-learning, hybrid/superensemble, mechanistic and time-
series/statistical approaches. Substantial heterogeneity was evident across studies in terms
of geographic setting, temporal resolution, incidence scale, predictor selection, model
specification, and performance reporting. Forecasts were produced at multiple spatial
units (national, provincial, district, city) and time granularities (annual, monthly, weekly,
10-day and bi-monthly), often with different combinations of climate, demographic, en-
vironmental and entomological covariates. Reporting practices were highly inconsistent,
with many studies providing incomplete or non-standardised metrics and only a minority
clarifying validation procedures or uncertainty quantification. Across the classifications,
tree-ensemble models consistently showed the highest median performance and the low-
est dispersion, whereas classical machine-learning and deep-learning models displayed
broader variability, often driven by model architecture, input complexity and study con-
text. Hybrid/superensemble, mechanistic, and time-series models were less frequently
reported, limiting inference. Regression metrics exhibited a strong dependence on tem-
poral and spatial scale. Very small error ranges were almost exclusively observed in fine-
resolution, district- or provincial-level forecasting, whereas large errors were associated
with national-scale, high-incidence settings. Tree-ensemble and classical ML approaches
frequently achieved the lowest error values across scale bands, while deep-learning and
time-series/statistical methods produced more dispersed and context-dependent results.
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Overall, the findings demonstrate that forecasting performance reflects the interplay be-
tween algorithmic family, spatiotemporal context, incidence magnitude, and study design,
underscoring the need for standardised evaluation frameworks.

4.2. Interpretation and Comparison with Existing Literature

In comparing our findings with previously published systematic reviews of dengue
and mosquito-borne disease forecasting models, several points of convergence emerge, but
our study also provides substantive methodological extensions. The largest study [120]
to date, reviewing 98 dengue outbreak prediction models across 64 studies, reported
marked inconsistencies in modelling practices, including limited adoption of ML ap-
proaches (39.4%), very low rates of external validation (5.2%), and highly heterogeneous
reporting of performance metrics. These structural issues are reproduced in our dataset:
despite a broader temporal and geographical scope, we likewise observed substantial het-
erogeneity in modelling choices, input feature sets, temporal horizons, validation strategies,
and combinations of reported metrics. A second review [121] focusing on dengue forecast-
ing in endemic regions found that ML models, particularly tree-ensemble methods such as
RE, tended to outperform classical statistical approaches (e.g., ARIMA, Poisson regression),
yet emphasised the fragmented evidence base and variability in methodological quality.
Our results are consistent with these observations: tree-ensemble methods in our synthesis
showed the highest central tendency and smallest dispersion for classification performance,
whereas classical ML and DL models showed markedly broader variability. This mirrors
prior evidence but also shows, with greater granularity, how performance dispersion mani-
fests differently across each metric, modelling family, and study design. A third study [122]
highlighted that although many ML-based models reported favourable predictive accuracy,
the absence of transparent validation procedures and the inconsistent reporting of evalua-
tion metrics severely limited cross-study comparability. Our findings reinforce this concern:
while some deep-learning and hybrid architectures achieved high performance in specific
contexts, the variability across metrics, particularly regression measures, was strongly
influenced by study-specific factors such as temporal granularity, incidence scale, and co-
variate selection. Our findings reinforce this concern: high performance was achievable for
certain deep-learning or hybrid models, but variability, particularly in regression metrics,
was strongly driven by study-specific characteristics such as temporal resolution, spatial
aggregation, incidence magnitude, and covariate selection. However, our study extends
the existing evidence base by explicitly quantifying how these sources of heterogeneity
propagate across performance distributions. Regression metrics (RMSE, MAE, MAPE, and
MSE) demonstrated pronounced scale-dependence in our dataset. By stratifying RMSE into
predefined magnitude bands (<1, 1-10, 10-1000, >1000), we showed that fine-resolution
district-level weekly forecasts consistently achieved RMSE < 1, while national-scale or
monthly predictions routinely exceeded RMSE > 1000. This behaviour aligns with compar-
ative modelling work such as the Rio de Janeiro study [120], which found that LSTM archi-
tectures with climatic covariates outperformed ARIMA only at short horizons, whereas the
ensemble or hybrid approaches were more competitive for broader spatial scales or longer
forecasting windows. Similarly, Liu et al. [123] reported that XGBoost achieved RMSE = 109,
MAE = 127 and MAPE = 12.9% for monthly division-level forecasts in Bangladesh, outper-
forming SARIMA and SVR and reinforcing that scale, horizon, and feature design critically
shape regression performance. Our stratified multi-panel visualisations provide direct
empirical confirmation of this context-dependence: in the “very small” error band (<1),
tree-ensemble, hybrid, and deep-learning models clustered tightly; in the “small” band
(1-10), variability increased across modelling families; in the “medium” band (10-1000),
deep-learning and classical ML models exhibited wide interquartile ranges; and in the
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“large” band (>1000), classical ML and time-series/statistical methods produced the highest
absolute errors. Across all metrics, these results indicate that algorithmic family alone is
insufficient for accurate forecasting performance; instead, the interplay between modelling
strategy, spatial /temporal scale, data structure, and epidemiological signal magnitude is a
dominant determinant of predictive accuracy.

4.3. Implications for Public-Health Practice

From a public-health perspective, the findings of this review provide several action-
able insights for the integration of mosquito-borne viral disease forecasting models into
operational early-warning systems. The consistently strong performance of tree-ensemble
methods across classification metrics suggests that these algorithms are particularly well
suited for outbreak detection, alert-level assignment, and other decision-support applica-
tions requiring robust categorical predictions at fine spatial or temporal resolution. This
observation is consistent with evidence from operational or semi-operational contexts,
where Random Forest-based systems have shown stable outbreak detection performance,
for example, within Singapore’s national dengue forecasting programme [70] and in Ar-
boMAP [124] for West Nile virus risk mapping in the United States. Such stability across
heterogeneous input conditions suggests that tree-ensemble models may offer more reliable
early-warning signals than deep-learning or traditional statistical approaches in settings
where data completeness varies over time and is broadly consistent with previous work on
data-driven surveillance and forecasting for tropical and sub-tropical diseases [125]. The
pronounced association between error magnitude and epidemiological scale observed in
this review underscores the importance of aligning modelling strategy with intended oper-
ational use. District-level, short-term forecasts were characterised by low error and narrow
dispersion, making them more compatible with actionable public-health decision-making
(e.g., targeted vector control, short-term resource allocation). In contrast, national-scale
or monthly forecasts frequently exhibited substantially larger errors and wider variability,
indicating that such outputs should be interpreted with caution and used primarily for
situational awareness rather than precise operational planning. These findings reinforce the
need for public-health agencies to calibrate expectations to scale-specific uncertainty, rather
than applying uniform performance thresholds across settings. Importantly, the descrip-
tive and unweighted nature of the available evidence highlights that model performance
alone is not sufficient for real-world adoption. The lack of rigorous validation practices
remains a critical barrier: prior systematic reviews have shown that fewer than 10% of
dengue forecasting models undergo external validation, and our review identified similar
gaps [120]. Models developed without proper cross-validation or external testing may be
overfitted to their training environment, and real-world experience has demonstrated that
forecast accuracy often degrades substantially when models are deployed in new locations
or under changing epidemiological conditions [120,126]. Similar challenges have been
documented for digital epidemiology systems based on non-conventional data streams
(e.g., Google Flu Trends and Google Dengue Trends), where insufficient validation led
to substantial misestimation of true disease activity. For this reason, external validation,
context-specific calibration, and transparent uncertainty quantification should be consid-
ered essential prerequisites before operational deployment. The marked heterogeneity in
study design, data sources, and performance-reporting standards further highlights the
need for harmonised reporting frameworks. The adoption of standardised evaluation proto-
cols, including consistent forecast horizons, uncertainty measures, and scale-stratified error
reporting, would substantially improve comparability across modelling approaches and
support more evidence-based integration into routine surveillance systems. Finally, most
models included in this review were developed exclusively for research purposes, with only
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a small minority piloted or implemented within real-world public-health infrastructures.
This limited operational uptake is consistent with prior assessments of dengue and arbovi-
ral forecasting systems, which have repeatedly noted the gap between methodological
innovation and practical deployment. Accelerating translation into practice will require
co-development with public-health institutions, emphasis on interpretability and main-
tainability, and integration into existing surveillance workflows. Moreover, early-warning
systems will only translate into effective risk reduction if they are accompanied by risk
communication and community-engagement strategies; for example, poor awareness and
knowledge of Zika virus observed in the Italian general population illustrate how limited
understanding of arboviral risks can undermine the impact of preventive measures [127].
Strengthening standardisation, validation, and reporting practices will be essential for tran-
sitioning forecasting models from exploratory research tools into reliable components of
operational early-warning systems. Looking ahead, the rapidly growing body of Al-based
arboviral forecasting studies originating from low- and middle-income countries, particu-
larly in Asia and Latin America, is encouraging and suggests that context-adapted tools
may increasingly be developed where the burden of mosquito-borne diseases is highest. At
the same time, long-standing concerns about “algorithmic inequity” remain highly relevant:
many Al systems in global health have historically been trained and validated predomi-
nantly on data from high-income, well-resourced settings, raising the risk of models that
encode and amplify structural biases related to geography, race/ethnicity and socioeco-
nomic status, and that perform suboptimally in underrepresented populations [128,129].
Ensuring that future AI models for mosquito-borne viral diseases are trained on diverse,
locally generated data, co-designed with stakeholders in resource-limited settings and
evaluated through rigorous external validation will therefore be essential to avoid repro-
ducing these inequities [130]. If coupled with investments in open data infrastructures,
capacity building and transparent governance, the ongoing expansion of Al research in
low- and middle-income settings has the potential to shift the field towards more equitable,
accessible, and implementable early-warning tools for those communities most affected by
arboviral transmission.

4.4. Strengths and Limitations

This study offers several strengths. It represents the first systematic effort to collate
and compare the performance of Al and machine-learning models across the spectrum of
mosquito-borne viral diseases, providing a unified descriptive overview of a highly frag-
mented field. The use of unweighted visual distributions allows an unbiased representation
of performance variability, and the multi-panel stratification of scale-dependent metrics
(RMSE and MAE) provides a clearer understanding of error behaviour across different
incidence scales and analytical contexts. Several limitations must also be acknowledged.
The analysis is purely descriptive, without meta-analytic weighting or adjustment for
methodological heterogeneity; therefore, no causal inference or formal comparison across
modelling families can be drawn. Dependence on published study-level metrics intro-
duces potential publication bias, selective reporting, and uncertainties due to incompletely
documented modelling procedures. Residual confounding related to prediction horizon,
geographical setting, and underlying incidence patterns is likely, despite stratification ef-
forts. Moreover, the uneven representation of modelling categories, particularly the limited
number of deep-learning and mechanistic models, reduces the robustness of comparative
insights. Finally, although the review aimed to address all major mosquito-borne viral
diseases, the available literature was overwhelmingly focused on dengue, limiting the
generalisability of findings to other arboviruses.
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5. Conclusions

In conclusion, this review showed substantial variability in performance across AI/ML
forecasting models for mosquito-borne viral diseases. Tree-ensemble approaches emerged
as the most consistently reliable for classification, while regression accuracy was strongly
shaped by spatial and temporal scale, incidence levels, and prediction horizon. By pro-
viding the first comparative synthesis that integrates model performance with method-
ological quality and operational readiness, this review clarifies where current approaches
are genuinely fit for purpose. This contribution is particularly timely, given the growing
institutional interest in robust early-warning systems for climate-sensitive infectious dis-
eases. Priorities for advancing real-world use include standardised performance reporting,
rigorous external validation and calibration to context-specific settings, steps essential to
translating modelling advances into dependable public-health decision-support tools.

Supplementary Materials: The following supporting information can be downloaded at https://www.
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included studies.
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