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Abstract

As extreme heat events increase in frequency, intensity, and duration due to climate change, forecasting
these events has become vital for early warning systems, public health preparedness, and climate adap-
tation strategies, especially in the hottest parts of the world. In recent years, machine learning (ML)
has increasingly been applied to environmental and meteorological data to improve the prediction of
heatwaves and extreme heat events. This scoping review examines global peer-reviewed literature
on the application of ML techniques for extreme heat prediction using environmental variables. This
includes heatwave prediction, environmental and meteorological predictors used in these models, and
the geographical distribution of existing research. A total of 23 peer-reviewed studies meeting the
inclusion criteria were included in the review, following the PRISMA-ScR guidelines. The findings
indicate that artificial neural networks and random forest models are among the most frequently
reported high-performing approaches for heatwave prediction. Temperature-related variables, espe-
cially maximum temperatures, were consistently identified as the most influential predictors across
studies. Furthermore, the evidence base was heavily concentrated in Europe and North America,
with comparatively limited representation from low- and middle-income countries, despite these
regions often experiencing disproportionate impacts of climate change and extreme heat exposure. By
synthesising current evidence on ML-based heatwave prediction, associated environmental predictors,
and geographical research trends, this review provides insights to support the development of more
robust, context-aware, and globally representative heatwave forecasting frameworks.

Keywords: artificial intelligence; machine learning; heatwave prediction; environmental exposure;
climate change; scoping review

1. Introduction
Climate change is contributing to a substantial increase in the frequency, duration, and intensity of

extreme heat events worldwide, posing serious threats to human health, society, and the environment
[1,2]. Heatwaves are now recognised as one of the most hazardous climate-related events, contributing
significantly to excess mortality, heat-related illnesses, and increased pressure on healthcare systems,
particularly among vulnerable populations, such as older adults, children, and individuals with
pre-existing health conditions [1,3]. Therefore, accurate prediction of heatwave events is essential to
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support early warning systems, enable timely public health interventions, and strengthen preparedness
and emergency response strategies.

In recent years, machine learning (ML) approaches have been increasingly applied in environ-
mental and climate sciences, demonstrating substantial potential in areas such as weather forecasting
[4], climate change mitigation and adaptation [5], and the prediction of extreme atmospheric events
[6]. This rapid expansion has been facilitated by the growing availability of large observational, reanal-
ysis, and remote sensing datasets, which provide the high-volume, multi-source inputs required for
data-driven models to learn complex and nonlinear relationships without explicit physical parame-
terisation [7]. These characteristics make ML approaches particularly suitable for predicting rare but
high-impact climate-sensitive events, such as heatwaves, where traditional physics-based numerical
weather prediction systems may face limitations in forecast skill and computational efficiency [4,8].
Therefore, a growing body of research has applied ML techniques to the prediction of extreme heat
events [9–11]. However, these studies differ considerably in their methodological choices, geographical
coverage, predictor variables, and reported performance metrics, making it difficult to draw general-
isable conclusions about which modelling approaches and environmental inputs are most effective
[9].

Some studies have reviewed ML-based heatwave classification within specific national contexts
[9,11,12], while a broader assessment of heatwave predictability across temporal scales has discussed
ML approaches only partially within a wider meteorological framework [13]. Other reviews have
addressed ML applications in weather forecasting more generally without focusing specifically on
heat events [14,15], or have examined atmospheric extremes collectively, including floods, droughts,
and temperature events, without synthesising comparative evidence on ML model performance for
heatwave prediction [6]. Despite the growing research on ML-based heatwave prediction, studies
have been conducted predominantly in high-income countries (HIC) settings, with low- and middle-
income countries (LMICs) remaining largely absent from the literature [16,17]. This geographical
imbalance is especially consequential given that the heat stress burden and heatwave-associated
mortality risk are escalating at a disproportionately faster rate in lower-income settings [18,19]. While
some reviews have examined algorithm use or predictor selection within specific domains [9,17], none
have simultaneously focused exclusively on heatwave or extreme heat prediction, adopted a global
scope inclusive of LMIC settings, and systematically characterised both the ML algorithms employed
and the environmental predictors used as model inputs across studies.

This review directly addresses these gaps in the literature. By mapping and synthesising the
global literature on ML-based heatwave prediction, it provides a systematic characterisation of both
the algorithms employed and the environmental predictors used as model inputs across studies,
regions, and prediction horizons. Unlike previous reviews, it encompasses studies from both HIC and
LMIC settings and synthesises performance evidence to provide algorithm-level insights rather than a
descriptive summary alone. The review has three primary objectives: (1) to identify and characterise
the ML algorithms that have been applied to the prediction of heat events; (2) to identify which
environmental parameters have been used as predictors in those models and to assess the available
evidence regarding their relative importance; and (3) to examine the geographical distribution of
existing studies.

2. Methods
A scoping review was conducted to identify key environmental parameters and ML models used

to predict and forecast extreme heat. A scoping review was chosen as they are suitable for mapping
a heterogeneous body of literature and identifying gaps [20]. A review protocol was developed and
made publicly available on the Open Science Framework [21]. The protocol and conduct of the scoping
review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews (PRISMA-ScR) guidelines [20].
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2.1. Eligibility Criteria

Studies were included if they met the following criteria:

1. Studies must involve the use of machine learning to predict periods of extreme heat.
2. Studies must include descriptions of what machine learning methods or parameters were used to

make predictions.
3. Studies must be original peer-reviewed research.
4. Studies must be in English.
5. Both indoor and outdoor temperature predictions were included.
6. There are no restrictions on geographical location.
7. There are no restrictions on publication date, as preliminary searches found limited relevant

literature before 2020.

Studies were excluded if they met the following criteria:

1. Predictions of the effects of heatwaves on human, plant, or animal health.
2. Impacts of weather on infrastructure and transport.
3. Extremely long-term weather and climate predictions.
4. Oceanic temperature predictions.
5. Weather predictions other than extreme heat, including flooding and water levels.
6. Developing weather-related technologies.

2.2. Information Sources and Search Strategy

A structured literature search was conducted across multiple bibliographic databases, including
the Web of Science Core Collection, ACM Digital Library, Scopus, IEEE Xplore, and ScienceDirect.
An initial exploratory search was performed in March 2025 to refine the key concepts, search terms,
and database suitability. Based on these results, the search strategy was iteratively refined through
discussions with senior researchers and academic librarians at the University of the West of Scotland,
leading to a final comprehensive search conducted in July 2025.

The search terms were developed around four core components: extreme heat exposure, ML or
artificial intelligence (AI) methods, prediction tasks, and environmental or weather-related parameters.
Controlled vocabulary and free text terms were combined using Boolean operators, truncation, and
proximity operators, where supported. Search syntax was adapted for each database to account for
differences in indexing fields, operators, and search functionalities. An example of the full search
strategy used for the Web of Science database, including search components and syntax, is presented in
Table 1. Full details of the database-specific search strategies and refinement procedures are provided
in Supplementary File S1.

2.3. Selection of Study

All retrieved records were exported from the databases and imported into Rayyan, a web-based
platform for managing reviews [22], for citation management, duplicate removal, screening, and data
extraction. The initial screening was independently performed by two reviewers (AA and FA) based on
the predefined eligibility criteria. Any disagreements were resolved through discussion and consensus,
with consultation with a third reviewer (MZS) where required. Citations meeting the inclusion criteria
progressed to full-text assessment, which was conducted by two reviewers using the same eligibility
criteria.

2.4. Data Extraction and Synthesis

Data extraction was performed on full-text articles using Rayyan, with extracted data subsequently
organised in an Excel spreadsheet. Extraction was performed by two extractors (AA and FA) working
independently. The results were then combined. Data were extracted into a structured spreadsheet
with the following key fields:

• Country, geographical coverage
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Table 1. An example of a Web of Science search strategy.

Search Component Search Syntax (TITLE-ABS-KEY)

Extreme heat terms (“Extreme heat” OR “Extreme weather even” OR heat-
wave* OR “thermal comfort”)

AI and ML terms (“Machine learning” OR “Artificial intelligence” OR
“Neural network” OR “Deep learning” OR “Support Vec-
tor Machine” OR “Random Forest”)

Prediction terms (Predict* OR Forecast* OR modeling)

Environmental Predictors (environmental NEAR/3 parameters OR temperature
OR humidity OR weather NEAR/3 data)

Combined search strategy TS=((“Extreme heat” OR “Extreme weather event” OR
heatwave* OR “thermal comfort”) AND (“Machine
learning” OR “Artificial intelligence” OR “Neural net-
work” OR “Deep learning” OR “Support Vector Ma-
chine” OR “Random Forest”) AND (Predict* OR Fore-
cast* OR modeling) AND (environmental NEAR/3 pa-
rameters OR temperature OR humidity OR weather
NEAR/3 data)) AND (DT=(Article))

• Prediction target
• Heatwave definition, extreme heat definition
• Environmental predictors, non-environmental predictors, derived indices
• ML models, best model
• Performance metrics, best model performance
• Validation method
• Key findings
• Limitations of study

Following data extraction, findings were synthesised qualitatively to describe study characteristics,
including geographical coverage, study settings, definitions of extreme heat, risks assessed, environ-
mental parameters, ML techniques, and validation approaches. Due to heterogeneity in ML methods
and outcomes, no quantitative synthesis or meta-analysis was performed. A detailed data extraction
table is provided in Supplementary File S2.

3. Results
The database searches identified 860 records in total. After the removal of 83 duplicate records,

777 unique citations were screened by title and abstract. Following this initial screening, 83 articles
were assessed at the full-text level, of which 23 studies met the eligibility criteria and were included in
the scoping review. The study selection process is illustrated in the PRISMA flow diagram in Figure 1.
The 23 included studies are summarised in Table 2 according to the prediction target, key predictors,
best performing ML model, validation methods used, and key findings.
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Figure 1. PRISMA study selection flowchart.
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Table 2. Summary of included studies on heatwave and extreme heat prediction using machine learning.

Study (pe-
riod)

Prediction target Key predictors Best model & Per-
formance

Validation Key finding

Ashtiani et al.
(2014) [23]
Summer 2010

Indoor dry-bulb
temp. during
HW

Outdoor temp., so-
lar radiation, wind,
RH

ANN; RMSE =
1.76 ◦C

70/15/15 split ANN outperformed
MLR (RMSE 1.76
vs. 2.10 ◦C); better
captured nonlinear
outdoor–indoor ther-
mal interactions.

Bhoopathi et
al. (2024) [24]
1991–2020

Tmax; HW days
at 7- and 15-day
lead

Air temp., geopoten-
tial height, RH, soil
moisture, SST

SVR: 7-day RMSE
= 1.13 ◦C, 15-day
RMSE = 1.20 ◦C

70/30 tempo-
ral split

SVR is generally supe-
rior; accuracy declined
in lower-temperature
zones.

Carrión et al.
(2021) [25]
2003–2019

Hourly air temp.
at 1-km resolu-
tion

MODIS LST, EVI, el-
evation, TPI, imper-
viousness

XGB; R2 ≈ 0.98,
RMSE ≈ 1.5 K

Spatial 10-fold
CV

XGB captured UHI pat-
terns accurately; out-
performed all statistical
baselines and NLDAS-
2.

Castro Med-
ina et al.
(2024) [26]
2022

Urban air temper-
ature distribution

Citizen-station
temp. (current and
lagged)

MLP; R2 = 0.98 50/50 tempo-
ral split

Citizen station net-
works with MLP
accurately reproduced
fine-scale urban temp.
distributions.

Chaki et al.
(2024) [27]
2011–2020

Seasonal air
temp. (May–Jul)

Air temp., RH,
geopotential height,
pressure, wind
components

ANN (3 hidden lay-
ers); R2 = 0.20

80/20 split Accuracy rose with
more predictors;
modest performance
reflects Dhaka’s com-
plex urban climate.

Chongtaku et
al. (2024) [28]
1981–2019

HW characteris-
tics: HWN, HWF,
HWD, HWM,
HWA

Tmax, Tmin, MODIS
LST (day/night)

RF (night LST); R2

= 0.64, RMSE =
2.09 ◦C

80/20 split Substantial urban–
rural variability in HW
characteristics; night-
time HW intensity
highest in Bangkok.

Fister et al.
(2023) [29]
Historical

Seasonal summer
temp.; extreme
anomalies

Historical air temp.
time series

RP+CNN; best ACC
(values NR)

Multi-run
MSE

RP+CNN outper-
formed classical ML;
detected 2003 Euro-
pean HW anomaly.

Guhan et al.
(2025) [30]
1980–2023

Tmax, Tmin and
rainfall forecast-
ing

Tmax, Tmin, rainfall
(IMD gridded)

ARIMA (Tmax;
MAE = 3.01 ◦C);
XGB (Tmin)

Comparative Warming trends in
Tmax/Tmin confirmed
(1980–2023); ARIMA
outperformed all ML
models for Tmax.

Khan et al.
(2022) [31]
1973–2017

HW occurrence
(binary)

Tmax, humidity,
precipitation, wind,
pressure

RF; ACC ≈ 0.91 Temporal split RF most effectively pre-
dicted HW occurrence;
Tmax was the dominant
predictor.
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Table 2. Cont.

Study (pe-
riod)

Prediction target Key predictors Best model & Per-
formance

Validation Key finding

Li et al. (2023)
[32]
2006–2020

HW occurrence
(binary)

Tmax, Tmin, dew
point, pressure,
precipitation, wind,
ONI

GNN; ACC = 94.1%,
Recall = 58.5%

Temporal split GNN captured spa-
tiotemporal station
interactions; ONI
improved concurrent
multi-station HW
prediction.

Lin et al.
(2021) [33]
1960–2017

Daily Tmax up to
7 days ahead

Lagged Tmax (prior
7 days)

MCEEMD-RBFNN;
R = 0.75–0.94, RMSE
≈ 0.9–1.7 ◦C

80/20 tempo-
ral split

Signal decomposition
before NN training
substantially improved
short-range Tmax
forecasting.

Miloshevich et
al. (2023) [34]
8,000-yr sim.

Extreme HW oc-
currence (proba-
bilistic)

Z500, 2-m temp. CNN (probabilistic);
positive skill to ∼15
days

Stratified
10-fold CV

Z500 and soil mois-
ture dominated; 2-m
temp. added negligible
skill once these were in-
cluded.

Oliveira et al.
(2022) [35]
2000–2020

Nocturnal LST;
Surface Urban
Heat Island
intensity

Altitude, Longitude,
Latitude, Noctur-
nal LST (satellite
imagery), Heat flux

RF; MSE < 1◦K, R2

= 0.95
Train/test
split (70/30)

Latent and storage heat
flux are the most impor-
tant non-spatial predic-
tors; the use of satellite
imagery allows the con-
struction of sub-1km
data.

Perez Aracil et
al. (2024) [36]
1950–2022

2-m air temp. at
1–4 weeks ahead

SST, Z500, MSL,
wind components,
T2M

AE*+MLP; best
across most cities
and horizons

Temporal
LOYO

Autoencoder hybrids
improved sub-seasonal
temp. prediction across
7 EU cities; coastal sites
more stable.

Polasky et al.
(2022) [37]
Hist. + future

Downscaled
temp., precip.,
dew point

Synoptic atmo-
spheric patterns

Statistical downscal-
ing; PDF skill ≈ 1

PDF vs. obs. Distribution-based
evaluation better
captured extremes;
improved tail tempera-
ture representation.

Ratnam et al.
(2023) [38]
1982–2020

Tmax anomalies
10 days ahead
(Mar–Jun)

SST (North Atlantic,
ENSO-related), soil
moisture, Z200

AdaBoost(MLP);
ACC = 0.33–0.46

LOYO CV; vs.
CFSv2

AdaBoost(MLP) out-
performed all 9 other
models; skill com-
parable to CFSv2 in
April–May.

Reddy et al.
(2024) [39]
2009, 2019
events

WRF heat ex-
treme variables
(temp., RH,
wind)

24 WRF physics pa-
rameters (P14, P17,
P22 most influen-
tial)

GPR surrogate; high
R2 (values NR)

8-fold CV Only 3 of 24 WRF pa-
rameters significantly
influenced heat out-
puts; GPR reduced sen-
sitivity analysis cost.

Shafiq et al.
(2025) [40]
2018–2022

Extreme heat
event occurrence
(binary, 1–3 day
lead)

Tmax, Tmin, humid-
ity, pressure, wind

LSTM; ACC = 96.2% 80/20; early
stopping

LSTM achieved high-
est ACC; SHAP and
LIME confirmed hu-
midity and Tmax as
dominant predictors.
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Table 2. Cont.

Study (pe-
riod)

Prediction target Key predictors Best model & Per-
formance

Validation Key finding

Sulzer et al.
(2023) [41]
2021–2022

Indoor air temp.
and PET up to 24
h ahead

Outdoor temp.,
vapour pressure,
MSLP, solar & LW
radiation

ANN; MAETi = 0.87
K; Corr = 0.98

Train/val/test;
early stopping

ANN with indoor sen-
sors and NWP outper-
formed outdoor-only
models; 91% of fore-
casts within 2 K.

Suthar et al.
(2023) [42]
2013–2022

Tmax for HW
identification
(IMD criteria)

LST, AOD, black
carbon, CO, BLH,
TCWV, RH

RF; adj. R2 = 0.90–
0.92

3-fold CV RF accurately pre-
dicted Tmax from
satellite inputs; LST
and black carbon
were the strongest
predictors.

Symonds et al.
(2016) [43]
Present + 2050

Indoor overheat-
ing risk (TOH),
air pollution, en-
ergy use

Outdoor temp., hu-
midity, PM2.5, build-
ing and occupancy
variables

ANN; R2 = 0.89–0.92 500/100 sim.
split

ANN emulated Ener-
gyPlus simulations for
rapid national-scale in-
door overheating risk
estimation.

Xie et al.
(2022) [44]
2014–2019

MRT distribution
around buildings

Air temp., solar ra-
diation, building ge-
ometry, urban mor-
phology

MLNN-GA-BP;
high ACC (values
NR)

Temporal
holdout (2019)

GA-optimised ANN
predicted spatial MRT
distributions; supports
outdoor thermal com-
fort assessment on hot
days.

Zhang et al.
(2022) [45]
1981–2020

Summer HWF SST, soil moisture,
snow cover, sea ice

LightGBM; TCC =
0.36

5-fold CV;
hindcast

LightGBM outper-
formed MLR; SST
contributed ∼70% of
predictive skill; preced-
ing winter conditions
were critical.

Notes: Full domain-level detail is provided in Supplementary File S1. Abbreviations: ACC: Accuracy; AE:

Autoencoder; ANN: Artificial Neural Network; ARIMA: Autoregressive Integrated Moving Average; AOD:

Aerosol Optical Depth; BLH: Boundary Layer Height; CO: Carbon Monoxide; CNN: Convolutional Neural

Network; Corr: Correlation coefficient; CV: Cross-Validation; EVI: Enhanced Vegetation Index; GA: Genetic

Algorithm; GNN: Graph Neural Network; GPR: Gaussian Process Regression; HW: Heatwave; HWA/D/F/M/N:

HW amplitude/duration/frequency/magnitude/number; IMD: India Meteorological Department; LOYO: Leave-

One-Year-Out; LST: Land Surface Temperature; LW: Longwave; LSTM: Long Short-Term Memory; MAE: Mean

Absolute Error; MCEEMD: Multi-dim. Complementary EEMD; MLP: Multilayer Perceptron; MLNN: Multilayer

NN; MLR: Multiple Linear Regression; MRT: Mean Radiant Temperature; MSL/MSLP: Mean Sea-Level Pressure;

NR: Not Reported; NWP: Numerical Weather Prediction; obs.: observations; ONI: Oceanic Niño Index; PDF:

Probability Density Function; PET: Physiologically Equivalent Temperature; RBFNN: Radial Basis Function NN;

RF: Random Forest; RH: Relative Humidity; RMSE: Root Mean Square Error; RP: Recurrence Plot; SHAP: Shapley

Additive Explanations; sim.: simulation; SST: Sea Surface Temperature; SVM: Support Vector Machine; SVR:

Support Vector Regression; TCWV: Total Column Water Vapour; TCC: Temporal Correlation Coefficient; TOH:

Temperature Overheating metric; TPI: Topographic Position Index; Tmax/Tmin: Max/Min Temperature; UHI:

Urban Heat Island; XGB: Extreme Gradient Boosting; Z200/Z500: 200/500 hPa Geopotential Height.

3.1. Geographic Coverage and Study Settings

Of the 23 studies included in this review, ten were conducted in Asia (43.5%), with studies
reported from India [24,30,38,42], Japan [44], Pakistan [31,40], Bangladesh [27], Thailand [28], and
Taiwan [33]. Eight studies (34.8%) were based in Europe, covering France [29,34,41], Spain [26,29],
Germany and Switzerland [41], Italy [35], and the United Kingdom [43], as well as broader regional
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analyses covering Europe or Eastern Europe [36,45]. Four studies (17.4%) were conducted in North
America, specifically the United States [25,32,37] and Canada [23], and one study was conducted in
Australia (4.3%) [39]. No studies were identified from Africa, South America, or Central America. The
geographical distribution of the included studies across countries is illustrated in Figure 2, while the
temporal distribution of publications by continent is presented in Figure 3, which highlights a notable
increase in research output from 2022 onwards, particularly in the Asian and European contexts.
Data were collected at varying administrative scales, including continental, national, regional, and
municipal levels.

Figure 2. World map illustrating the geographic distribution of the included studies by country. The largest
number of studies was conducted in India (n = 4), followed by the USA (n = 3), Pakistan (n = 2), France (n = 2),
and Spain (n = 2). One study each was reported from Bangladesh, Thailand, Taiwan, Italy, Japan, the United
Kingdom, and Australia. Germany and Switzerland jointly contributed to one cross-national study; the total
number of included studies remains n = 23.

Figure 3. Distribution of selected papers by year of publication and continent.

3.2. Heat-Related Prediction Targets

The 23 included studies differed in their ML prediction targets, reflecting the different operational
definitions of heat-related hazards. As shown in Figure 4, the most common objective was the
prediction of heatwave occurrence or onset, reported in eight studies [24,28,31,32,34,36,42,45]. Seven
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studies focused on predicting periods of extreme heat without applying a formal heatwave definition
[27,33,37–40,44]. Four studies focused on predicting ambient air temperature as a continuous variable
[25,26,29,30], while one study specifically examined nocturnal temperature patterns [35]. In addition,
three studies predicted indoor temperature [23,41,43], highlighting applications related to building
environments and indoor heat exposure.

Figure 4. Distribution of the types of heat-related risks or indicators predicted by the included studies.

3.3. Heatwave and Extreme Heat Definitions Across Studies

Substantial variation was observed in the definition of heatwaves and extreme heat across the in-
cluded studies. Ten studies used an explicit percentile threshold-based definition [23,24,28,31–35,40,45],
five used an absolute temperature threshold [26,41–44], and eight predicted continuous temperature
variables without defining discrete heatwave events [25,27,29,30,36–39]. Among the studies that pro-
vided percentile-based definitions, five defined heatwaves using the 90th percentile of daily Tmax as the
main criterion [28,32,33,35,45]. However, the minimum duration required to classify a heatwave varies
from three consecutive days [28,32,35] to six days [45]. Four studies used the 95th percentile threshold
[24,31,34,40], with one translating this into an absolute value of 41°C for the study region [40], and one
using a space-time averaged temperature anomaly instead of a station-level threshold [34]. Another
study applied the 97th percentile of a 3-day rolling average temperature, corresponding to 21.5°C,
illustrating how percentile-based definitions depend on the climatic context, particularly in cooler
regions [23]. Five studies used an absolute temperature threshold to define heatwaves, with thresholds
ranging from 26°C to 40°C, depending on the climatic and regulatory context of the study region
[26,35,41,43,44]. In some cases, thresholds were derived from national meteorological or occupational
safety standards, while in others, they varied within countries to account for sub-regional climatic
differences. One additional study defined extreme heat using maximum temperature anomalies of 4°C
or above relative to a climatological baseline [38], further highlighting the heterogeneity in operational
definitions beyond the percentile-based approach described above.

3.4. Environmental Predictors and Derived Indices

Environmental predictors used across the included studies comprised meteorological, land surface,
and large-scale climate variables, alongside engineered features derived from these inputs. Figure
5 summarises the frequency of temperature and thermal variables (panel A), other environmental
predictors (panel B), feature engineering approaches (panel C), and the distribution of predictor counts
per study (panel D), while detailed study-level information is provided in the supplementary file S2.
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Figure 5. Frequency of environmental predictors and derived features across included studies.

3.4.1. Temperature and Thermal Variables

Temperature variables were used as predictors in 20 of the 23 studies. Air temperature, 2-m
temperature (T2M), or mean temperature was used as a model input in 12 studies [23,26–29,32,34,36,
37,39,41,43], whereas daily maximum temperature (Tmax) was used explicitly as a predictor input in
eight studies [23,26–29,33,36,40] and as a prediction target only in seven studies [24,30–32,38,42,45].
The daily minimum temperature (Tmin) was used as a predictor input in three studies [28,32,40].
Satellite-derived land surface temperature (LST) was incorporated as a predictor in three studies
[25,28,35]. Indoor air temperature was used in three studies [23,41,43], and temperature anomalies
were constructed as predictor inputs in four studies [34,36,38,45]. Thermal comfort and exposure
indices were used in four studies: Physiologically Equivalent Temperature (PET and PETi) [41], sol-
air temperature [23], indoor overheating metric (TOH) [43], and Mean Radiant Temperature (MRT)
[44]. Heatwave characteristics derived from temperature thresholds, including frequency, duration,
magnitude, and number, were reported in one study [28].

3.4.2. Other Environmental Predictors

Humidity and moisture variables, including relative humidity, dew point temperature, and
vapour pressure, were reported in 11 studies [23,24,27,31,32,37,39–43]. Wind speed or direction was
included in 10 studies [23,24,27,31,32,36,39–42], as were surface or sea-level pressure variables reported
in eight studies [24,27,31,32,36,40–42]. Solar and longwave radiation were reported in five studies
[23,24,41,42,44], and precipitation-related variables, including rainfall, snow cover, and sea ice in
five studies [30,32,37,40,45]. Geopotential height (Z200 or Z500) was incorporated in six studies
[24,27,31,34,36,38], sea surface temperature (SST) in four studies [24,36,38,45], and soil moisture in four
studies [24,34,38,45]. Land cover, urban morphology, and building-related variables were included in
four studies [23,25,28,43]. Air pollution variables, including aerosol optical depth (AOD), black carbon
(BC), carbon monoxide (CO), and particulate matter, have been reported in one study [42].
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3.4.3. Feature Engineering and Predictor Selection

Fifteen of the 23 studies applied feature engineering approaches beyond the direct use of raw
environmental inputs. Lag and temporal window features were used in six studies [23,26,31–33,41],
with temporal windows ranging from hourly lags (t-1 h to t-24 h) [41] to multistep sequences including
30 successive hourly steps [26] and daily windows of one to ten days [31,33]. Signal decomposition
was applied in two studies, including ensemble empirical mode decomposition producing 11 intrinsic
mode functions with a residual trend [33], and recurrence plot representations used as convolutional
neural network inputs [29]. Spatial averaging or geographic area selection was applied in five studies
[24,36,38,39,45], and principal component analysis (PCA) was applied in two studies [36,38]. Climate
teleconnection indices, including the oceanic Niño Index and SST-based predictors, were used in
two studies [32,38], and physics-informed feature construction was reported in two studies [35,39].
Formal or algorithm predictor selection approaches were applied in nine studies, including correlation-
based filtering with stepwise regression [31], Pearson correlation exclusion [35,42], spatial correlation-
based region selection [36], correlation filtering combined with PCA [38], global Sobol sensitivity
analysis [39], exhaustive feature subset search [29], genetic algorithm optimisation [44], and variable
selection analysis [37]. Informal or domain-informed selection approaches were used in six studies
[23–25,27,28,45], while eight studies reported no predictor selection or screening procedure [26,30,32–
34,40,41,43]. The number of predictors used per study ranged from 3 to 34, with eight studies using
1-9 predictors, five using 10-19 predictors, and five studies using between 20 and 34 predictors, while
five studies did not report counts explicitly, as shown in Figure 5D.

3.5. Machine Learning Approaches

Across the included studies (n=23), a diverse range of shallow, ensemble, and DL models were
applied alongside hybrid architectures combining signal processing with NNs or stacking multiple
learners. Detailed model configurations, prediction targets, and performance metrics are presented
in Table 2, whereas Figure 6 summarises the distribution of model families evaluated across studies
and those reported as best-performing (panel A), and the frequency of performance metrics reported
across studies (panel B).

Figure 6. ML Models and Performance metrics.
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3.5.1. Shallow and Ensemble Learning

The number of models evaluated per study ranged from 1 to 13, with 11 studies employing
a single model, six studies evaluating two models, two studies evaluating three models, and four
studies evaluating four or more models (Supplementary Fig. S1A). Shallow and ensemble learning
methods were prominent across the included studies, appearing in 12 of the 23 studies as primary or
best-performing models. RF was the most frequently evaluated algorithm, appearing in nine studies
[28–31,35,37,39,42,45], and identified as best-performing in four [28,35,37,42], and was applied across
both regression and binary classification tasks. Quantile random forest was found to be effective in
predicting the occurence of heatwaves in one study [31], but less effective than ARIMA in another [30].

Gradient Boosting (GB) approaches, including XGBoost, LightGBM, AdaBoost, CatBoost, and
GBM, were reported in seven studies [24,29,30,38,42,45]. Within this group, LightGBM outperformed
linear regression for heatwave frequency prediction [45], XGBoost achieved a very high predictive
performance for high-resolution air temperature mapping [25], and AdaBoost combined with an MLP
base estimator emerged as the best-performing model among multiple ensemble configurations for
short-term temperature forecasting [38].

Support vector regression was evaluated in three studies [24,42,43] and demonstrated strong short-
range performance, although the accuracy declined at longer lead times and in lower-temperature
regions [24]. Other shallow approaches, including Lasso regression, DT, and KNNs, were evaluated
in two studies [29,30] and were consistently outperformed by ensemble-based methods where com-
parisons were conducted. GPR was applied as a surrogate modelling approach for WRF outputs
rather than as a direct predictive model, identifying a limited subset of influential physical parameters
governing heat extremes [39]. When multiple shallow models were compared within the same study,
no single algorithm consistently dominated. RF outperformed multiple statistical and ML baselines in
several cases, including satellite-derived temperature prediction [42], and downscaled temperature
distribution modelling [37]. However, contrasting results were also observed: ARIMA outperformed
all evaluated ML models for long-term temperature forecasting [30], whereas CNN-based architectures
exceeded the performance of ensemble methods in seasonal prediction tasks [29].

3.5.2. Deep Learning Approaches

Deep learning architectures were applied in 13 of the 23 included studies, spanning feedforward
ANN, MLP, CNN, LSTM, GNN, RBFNN hybrids, and autoencoder-based frameworks, as detailed
in Table 2, and illustrated in Figure 6A. ANN and MLP variants were the most frequently reported,
appearing in eight studies [23,26,27,38,40,41,43,44], and identified as best-performing in six studies
[23,26,27,41,43,44]. ANN outperformed time-series regression for indoor thermal prediction [23],
exceeded SVM for national-scale indoor overheating estimation [43], and achieved a high predictive
accuracy for outdoor mean radiant temperature around buildings [44]. An MLP combining NWP
forecasts with indoor sensor data produced an MAE of 0.87K with 91% of predictions within 2K
[41], while an MLP trained on crowdsourced citizen weather station data achieved R2 = 0.98 for
fine-scale urban temperature distribution [26]. Autoencoder-MLP hybrids extended predictive skill to
sub-seasonal horizons of one to four weeks across seven European cities [36]. LSTM was evaluated
in one study and achieved the highest classification accuracy reported in this review (96.2%) for one-
to three-day extreme heat event prediction, outperforming both CNN and ANN evaluated in the
same study [40]. CNN-based architectures were evaluated in two studies [29,34]. A probabilistic
CNN demonstrated positive forecast skill to approximately 15 days for extreme heatwave occurrence,
outperforming logistic regression baselines [34], whereas a recurrence-plot CNN hybrid outperformed
AdaBoost and RF for seasonal temperature prediction and detected the 2003 European heatwave
anomaly [29]. GNN was evaluated in one study and achieved an accuracy of 94.1% for binary heatwave
classification, with the inclusion of the Oceanic Niño Index improving multi-station prediction [32].
RBFNN combined with signal decomposition was evaluated in one study and achieved correlation
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coefficients of 0.75 − 0.94 and RMSE of approximately 0.9 − 1.7◦C for temperature forecasting across
lead times up to seven days [33].

3.5.3. Validation Strategies and Performance Reporting

The validation approaches varied across the 23 included studies, reflecting differences in data
availability, prediction targets, and study design, detailed in Table 2. Train-test splitting was the
most commonly applied strategy in nine studies, with five adopting an 80/20 split [27,28,33,40,41],
two applying a 70/30 split [24,35], and one applying a 70/15/15 split for training, validation, and
testing [23]. CV was applied in five studies: including 3-fold [42], 5-fold [45], 8-fold [39], and 10-fold
configurations [25,34]. Temporal splitting, in which earlier observations were used for training and
later observations for testing, was applied in seven studies [26,31,32,36,38,44,45], with one study
applying LOYO-CV [38], and one study employing both temporal splitting and CV [45]. Three studies
evaluated model performance through direct comparison with observed or independently modelled
data without a formal holdout strategy [29,30,37], and one study applied simulation-based splitting
with 500 runs for training, and 100 for testing [43].

The performance metrics varied across the included studies, as detailed in Table 2, and il-
lustrated in figure 6. Four studies reported four or more metrics [27–29,40], nine reported three
[24,26,32,33,35,38,41,43,45], seven reported two [25,30,31,34,36,39,42], and three reported a single met-
ric [23,37,44]. Across all studies, RMSE was the most frequently reported metric, appearing in 13
studies [23–25,27,28,30,33,38–40,42,43,45], followed by MAE in 10 studies [24,26,28–30,35,36,40,41,43],
R2 in eight studies [25–28,35,39,42,43], and MSE in six studies [26,27,29,35,36,40]. Correlation-based
measures were reported in five studies [24,31,33,38,41], and classification accuracy in three studies
[32,40,44]. Additional evaluation metrics, including probabilistic skill scores [34,37], anomaly correla-
tion coefficients [38], and heatwave detection counts [31], are also detailed in Supplementary Table
S2.

3.5.4. Model Explainability and Key Predictors

Explainability methods were applied in 15 of the 23 included studies, with variations in method-
ological approach and level of implementation (Fig. S1C). Built-in feature importance metrics de-
rived from tree-based models were reported approach, appearing in four studies [28,35,41,45], fol-
lowed by sensitivity analysis in three studies [32,42,44]. SHAP was applied in two studies [25,40].
Permutation-based importance [38], Sobol global sensitivity analysis [39], and composite map analysis
[34] have all been reported in one study. Eight studies reported no formal explainability method
[23,24,26,27,29,30,33,36]. Across studies reporting predictor importance, near-surface air temperature
and humidity were consistently identified as the most influential inputs, which is consistent with the
predictor frequency patterns reported in Section 3.4. SST was identified as the dominant contributor to
heatwave frequency prediction, accounting for approximately 70% of the model performance in one
study [45]. The geopotential height at 500 hPa was identified as the primary driver of probabilistic
heatwave forecast skill at extended lead times [34]. Satellite-derived LST and aerosol optical depth
were identified as the strongest predictors in studies incorporating remote sensing inputs [28,42]. In-
door sensor data combined with NWP variables have been reported to improve model interpretability
in thermal comfort prediction [41].

4. Discussion
This scoping review was conducted in accordance with the PRISMA-ScR guidelines to systemati-

cally map the use of ML approaches for heatwave and extreme heat prediction. A total of 23 studies
were included following searches across five major databases and screening of titles, abstracts, and full
texts. Collectively, the included studies revealed substantial heterogeneity in study settings, prediction
targets, heatwave definitions, environmental predictors, and modelling approaches. Although the
application of ML in this domain has increased markedly in recent years, important gaps remain in
methodological consistency, predictor diversity, and real-world translation.
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4.1. Synthesis of Evidence and Key Patterns

This review identifies substantial methodological and conceptual heterogeneity in the application
of ML approaches for heatwave and extreme heat prediction. While all included studies share the
overarching objective of predicting heat-related extremes, they differ considerably in prediction targets,
including binary heatwave classification, continuous Tmax forecasting, ambient air temperature map-
ping, and indoor thermal condition modelling. This diversity reflects a broader lack of standardisation
in how heat-related prediction problems are formally defined across the literature and complicates
the consolidation of evidence and the development of unified modelling frameworks. A similar
inconsistency is evident in the operational definitions of heatwaves and extreme heat. The majority of
studies (n=10) adopted percentile-based thresholds, typically the 90th or 95th percentile of temperature
distributions [23,24,28,31–35,40,45], whereas a smaller subset (n=5) employed absolute temperature
thresholds calibrated to national meteorological standards or regional mortality benchmarks [26,41–44].
In contrast, a further group of studies (n=8) did not report any formal heatwave definition, instead
modelling continuous temperature variables, relying on historical extreme events, or using implicit or
non-replicable criteria. This variation is closely linked to the geographic and climatic context, as region-
specific thresholds are often calibrated to local temperature distributions, population acclimatisation,
and national meteorological or public health standards.

Studies conducted in South Asian settings more commonly adopt absolute thresholds derived
from established national criteria [40,42], whereas studies in European and North American contexts
more frequently apply percentile-based anomaly definitions that accommodate wider inter-regional
temperature variability [32,34,45]. However, such contextualisation is necessary if it further compli-
cates cross-regional comparability and limits the development of universally applicable modelling
frameworks. Geographically, the evidence base remains unevenly distributed, with ten studies con-
ducted across Asian settings and eight studies in Europe, while four studies were conducted in North
America and one study in Australia. No studies were identified in South Africa, South America, or
Central America. This imbalance is not incidental, it reflects structural inequalities in research capacity
and data infrastructure that systematically exclude the regions bearing the greatest burden of heat-
related spatiotemporal predictors [18,19], and it mirrors the geographic concentration documented
in prior reviews of ML applications to extreme heat [16]. Collectively, these findings underscore that
despite the growing application of machine learning techniques in this domain, the field remains
characterised by significant heterogeneity in definitions, predictors, and modelling strategies. This
lack of consistency limits comparability across studies and constrains the development of robust,
generalisable, and operationally scalable heatwave prediction systems.

4.2. Environmental Predictors, Feature Design, and Explainability Gaps

Across the included studies, predictor selection was consistently dominated by temperature and
related thermal variables, which form the core inputs in nearly all modelling approaches. Although
additional meteorological variables such as humidity, wind speed, and atmospheric pressure are
moderately represented, several key drivers of heatwave dynamics, including soil moisture, large-
scale circulation indices, and SST, remain underutilised. The near absence of air pollution variables
is particularly notable given the growing evidence that combined exposure to heat and poor air
quality amplifies extreme heat and heatwave-related risks beyond meteorological effects alone [42,43].
Non-environmental predictors are also limited, with studies focused on indoor or built-environment
conditions forming a distinct subgroup incorporating building characteristics, occupancy patterns,
and urban morphology [23,41,43], whereas most outdoor studies rely exclusively on environmental
inputs, with little inclusion of socioeconomic or vulnerability-related variables, thereby maintaining a
predominantly hazard-focused perspective. A further disparity is observed between LMIC and HIC
studies, where LMIC-based research is largely constrained to coarse-resolution reanalysis data and
standard meteorological variables [24,27,30,31,38,40,42], whereas HIC studies more frequently utilise
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high-resolution datasets and derived thermal indices [25,35,41,43], reflecting structural inequalities in
data availability that shape predictor diversity prior to modelling.

Feature engineering and explainability practices revealed a related methodological limitation.
The reliance on temperature-dominated inputs combined with model-specific importance measures
creates a self-reinforcing pattern in which dominant predictors are repeatedly identified without
adequately assessing the role of secondary variables or interaction effects. This issue is compounded
by inconsistent reporting of explainability methods, with eight studies providing no formal inter-
pretation of model behaviour [23,24,26,27,29,30,33,36]. When explainability is applied, it is typically
model-intrinsic, with limited use of post-hoc, model-agnostic approaches such as Shapley Additive
Explanations (SHAP) [25,40]. Consequently, current evidence provides only partial insight into the
drivers of model performance, limiting the identification of physically meaningful relationships and
constraining the development of more robust and generalisable feature design strategies.

4.3. Methodological Limitations in Model Development and Evaluation

The included studies demonstrated substantial heterogeneity in model selection, benchmarking,
and reporting practices, limiting cross-study comparability despite the breadth of ML approaches
applied. Model evaluation is often narrow in scope: ten studies employed a single model, six evaluated
two models, two evaluated three models, and only five compared four or more models. Although ANN
and MLP variants were the most frequently identified as best-performing in six studies [23,26,36,41,43,
44], followed by RF in four [28,35,37,42] and GB approaches in three [25,38,45], no single algorithm
consistently outperformed the others across contexts. Performance varied according to regional climate,
data structure, and prediction horizon in the same study; SVR outperformed XGBoost at shorter lead
times but surpassed it at longer horizons [24]. ARIMA outperformed all evaluated ML models for long-
term forecasting in a South Asian setting [30], and CNN-based architectures outperformed ensemble
methods in European seasonal prediction tasks [29]. Architectures demonstrating strong isolated
results, including LSTM with 96.2% classification accuracy [40] and GNN with 94.1% accuracy [32],
were each evaluated in only one study, preventing a robust assessment of cross-regional generalisability.
Nine of the 23 studies did not compare ML models against any conventional statistical or climatological
baseline [24,27–30,35,37,42,44], limiting the assessment of the added value of complex architectures
over simpler approaches. These findings indicate that model performance is strongly conditioned
by climatic regime, data characteristics, prediction horizon, and feature engineering design, rather
than algorithmic superiority alone, with differences in feature representation further contributing to
variability across studies.

Reporting transparency and evaluation practices present additional methodological limitations
that constrain reproducibility and real-world applicability. Formal hyperparameter tuning was re-
ported in only seven studies using approaches such as grid search [24,35], genetic algorithm opti-
misation [44], Sobol sequence sampling [39], and systematic architecture search [38], whereas the
remaining 16 studies provided limited or no documentation of tuning procedures or final con-
figurations. Validation strategies were inconsistent in nine studies that used train-test splitting
[23,24,27,28,33,35,40,41,43], followed by temporally aware holdout designs (n=7) [26,31,32,36,38,44,45]
and CV (n=5) [25,34,39,42,45], whereas three studies implemented no formal holdout strategy
[29,30,37], raising concerns about overfitting. Only one study incorporated explicit external vali-
dation using independent observational data [25], highlighting a critical gap in assessing model
generalisability beyond the training domain. Performance reporting was dominated by RMSE (n=13)
and MAE (n=10), whereas three studies reported only a single metric. These scale-dependent measures
provide limited insight into model behaviour during extreme heat events, where predictive accuracy
is most critical, and several high R2 values raise concerns about potential overfitting or reliance on
temporal and regional data trends rather than true heat-signal capture.
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4.4. Strengths, Limitations, and Future Directions

This scoping review provides a structured synthesis of ML applications and environmental
predictors used for heatwaves and extreme heat prediction. Conducted in accordance with the
PRISMA-ScR guidelines, it systematically maps 23 included studies across five databases from 2012 to
2025. This review offers a systematic characterisation of the methodological landscape of this field,
encompassing model architectures, environmental predictors, validation strategies, feature engineering,
and explainability practices within a unified framework. In doing so, it directly addresses key gaps
in the literature by identifying and comparing the ML algorithms applied to heat event prediction,
examining the environmental parameters used as model inputs and their reported importance, and
assessing the geographical distribution of studies to evaluate the extent to which modelling approaches
developed in HIC settings may be transferable to LMIC contexts. By synthesising the evidence across
studies, regions, and prediction horizons, the review moves beyond descriptive summaries to provide
algorithm-level and predictor-level insights, demonstrating that predictive performance is strongly
conditioned by data characteristics, climatic context, and problem formulation. This review establishes
a structured evidence base for future model development while highlighting critical gaps, including
the dominance of temperature-driven predictors, limited integration of vulnerability-related variables,
and the absence of standardised evaluation frameworks.

Several limitations of this study should be considered when interpreting these findings. The
search was restricted to English-language, peer-reviewed literature across five databases, which may
have excluded relevant studies published in other languages or reported in grey literature, particularly
from the LMIC setting. No explicit temporal restriction was applied to the search; however, the final
set of included studies reflects the recent growth of ML applications in this domain. In addition, this
review focused exclusively on terrestrial heatwave prediction and did not consider marine or oceanic
heatwave studies, which represent related but distinct areas of research. As a scoping review, no
formal quality appraisal of the included studies was conducted, and substantial heterogeneity in study
design, prediction targets, and reporting practices precluded quantitative synthesis or meta-analysis.
Many of the identified limitations, including inconsistent heatwave definitions, narrow predictor
selection, undocumented hyperparameter tuning, and limited validation strategies, reflect constraints
within the underlying evidence base rather than the review methodology itself. Furthermore, although
diverse feature engineering approaches have been reported, including lagged variables, teleconnection
indices, signal decomposition, and physics-informed predictors, these were not systematically linked to
validation design or performance evaluation, limiting the assessment of their independent contribution
to model performance.

The gaps identified in this review highlight several priority directions for future research. First,
modelling efforts must extend beyond the current geographic concentration in HIC settings to prioritise
LMIC regions, particularly across South Africa, where the heat-health burden is disproportionately high
[18,19] and the ML-based predictive capacity remains limited [46]. Addressing this gap will require
investment in ground-based meteorological monitoring networks, improved spatiotemporal resolution
data availability, and the application of transfer learning approaches to extend models to data-scarce
contexts. Second, advanced spatiotemporal modelling approaches, including GNNs and transformer-
based architectures, remain underexplored and warrant systematic evaluation across diverse climatic
regimes to improve generalisability. Finally, to ensure successful rollout of extreme heat early warning
systems, future work should prioritise the development and deployment of lightweight, resource-
efficient ML models for edge deployment and real-time inference in data-constrained environments.

5. Conclusions
In conclusion, ML for heatwave and extreme heat prediction is a rapidly growing field, with recent

studies applying a range of models, particularly ensemble and NN approaches, to predominantly
temperature-driven datasets. However, no single model consistently outperforms the others, as predic-
tive performance remains strongly dependent on data characteristics, climatic context, and prediction
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objectives. This review highlights key gaps, including limited predictor diversity, lack of standardised
evaluation, and an uneven geographical distribution of studies, with limited representation from
several LMIC regions, particularly South Africa. Future work should prioritise the integration of
diverse environmental predictors, the use of spatiotemporal modelling approaches such as CNN and
RNN-based frameworks, and the leveraging of multi-location, high-resolution datasets to improve
generalisability, particularly in data-scarce regions. Advancing this field will require the development
of real-time deployable ML systems, including lightweight models suitable for edge computing on
weather stations and sensor networks, enabling scalable, low-latency early warning capabilities.
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