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Abstract
Heatwaves can greatly impact societies, underscoring the need to extend current heatwave prediction
lead times. This study investigated multiple machine-learning (ML) model approaches for heatwave
occurrence prediction with long lead times of one to five months based on explanatory atmospheric and
land surface features. Five ML classifiers were built using Google Earth Engine remote sensing datasets
to predict heatwaves at national scale (Sweden) based on 16 features referring to the period of 1989–
2019. Extreme Gradient Boosting performed best for lead times of one month (F1-score = 0.63, accuracy 
= 0.81) and four months (F1-score = 0.54, accuracy = 0.79), while K-Nearest Neighbour was best for lead
times of two, three and five months (respective F1-score = 0.63, 0.65, 0.49, accuracy = 0.77, 0.79, 0.78).
When applying the SHapley Additive exPlanations technique for model interpretation, land surface
features emerged as more impactful heatwave predictors than atmospheric features at longer lead
times. More frequent heatwave occurrence was associated with places in Sweden characterized by
lower values of geopotential height, latitude, topographical slope, evaporation, precipitation and cropland
area, and higher values of average temperature, mean sea level pressure, and southerly and westerly
winds. The study also concretely exemplifies how use of this multi-model ML method can enhance
predictions and further step-wise improve them, thereby facilitating earlier warning in support of better
planning of measures to mitigate adverse heatwave impacts, up to several months ahead of their
possible occurrence.

1 Introduction
A heatwave is an extreme temperature event defined as a period of excessive heat that usually lasts for
one week or at least three days (Perkins-Kirkpatrick and Lewis 2020). Research into the impacts of
heatwaves on human health has consistently revealed that a disproportionately high number of older
individuals are affected (Xu et al. 2016; Vu et al. 2019; Rodrigues et al. 2021). The 2003 heatwave in
Europe led to 70,000 excess mortalities (Robine et al. 2008) and over 13 billion euros in economic
damage (United Nations Environment Programme 2003). Heatwaves can also have far-reaching
cascading and compound impacts, exacerbating drought impacts on water, soil, energy and agriculture
sectors (Niggli et al. 2022; Soares et al. 2023). Global predictions indicate that climate change will lead
to increased intensity, frequency, and duration of heatwaves, with Europe identified as a future hotspot.
The projected trend for Europe is three to four times faster than in other northern mid-latitude regions
(Rousi et al. 2022).

Early warnings of heatwaves with a sufficient lead time enable timely and more effective societal
responses to protect vulnerable populations and socioeconomic activities (Merz et al. 2020). State-of-
the-art deterministic heatwave prediction models can predict heatwaves up to two weeks in advance
(Domeisen et al. 2023), but this is often insufficient for preparing and implementing efficient mitigation
measures. Predictions beyond that lead time are challenging due to the increase in complex interactions
of variables over time, such as between atmospheric variables (e.g. wind speed and temperature) and
land surface variables status and feedbacks (e.g. land cover and soil moisture) (Domeisen et al. 2023).
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Extending heatwave predictions to a seasonal lead time would allow for a timelier and more effective
reduction of risk (Weirich-Benet et al. 2023).

Machine-learning (ML) approaches can potentially increase heatwave prediction lead times as they have
the advantage of identifying, rather than pre-assuming, the complex interactions between various
possible explanatory-predictive factors. ML-based modelling is increasingly being applied in studies of
hydro-climatic hazards, such as floods, droughts and heatwaves (Rahmati et al. 2020; Panahi et al.
2022). A study by Khan et al. (2021) achieved accurate predictions with a one-month lead time of total
summer heatwave days (HWD) in Pakistan using a support vector machine. Asadollah et al. (2022)
developed and compared three ML models (AdaBoost regression decision tree (ABR-DT), Random Forest
and Decision Tree) for total summer HWD prediction in Iran with a three-month lead time, and found
ABR-DT to be the most accurate. Weirich-Benet et al. (2023) predicted heatwaves at weekly resolution
using different approaches and concluded that ML can improve sub-seasonal heatwave prediction.
Straaten et al. (2022) found that explainable ML using high-dimensional remote sensing data can
complement physically-based models for heatwave prediction, providing an effective alternative for such
predictions with a lead time longer than two weeks. However, the development and application of ML
models for heatwave research and prediction are still in their infancy compared with work on other
natural hazards, such as droughts and floods (Mosavi et al. 2018; Gyaneshwar et al. 2023). Additionally,
most ML/deep learning-based heatwave studies to date have considered sub-seasonal forecast lead
times (less than one month), without applying explainability techniques, and the focus has been on
relatively warm and/or dry climate regions such as the Middle East and Central Europe (Domeisen et al.
2023).

The aim of this study is to advance ML model development for heatwave prediction by creating a
comprehensive framework for seasonal prediction with longer lead times and practical implementation.
This research supports interdisciplinary efforts to mitigate climate change risks and underscores the
importance of integrating scientific advances into environmental management and policy frameworks.
As a practical case study, we focused on predicting summer HWD at a monthly resolution in Sweden.
The specific objectives of this study were: (i) to build alternative ML models based on relevant remote
sensing data for possible heatwave occurrences with lead times of one to five months, (ii) to evaluate
and compare the performance of various ML models at different lead times, and (iii) to analyse the
relative importance of various explanatory-predictive features (e.g. related to atmospheric climate, land
surface and other relevant physical aspects) in terms of their influence on ML model outputs.

2 Materials and Methods

2.1 Study area
Sweden is located in the high-latitude region of northern Europe (55–69 °N; 11–24 °E), which is
characterised by long, cold winters (Sköld Gustafsson et al. 2023b). Although major documented natural
hazards in Sweden mostly comprise flooding and wildfire events (Sköld Gustafsson et al. 2023a),
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heatwave exposure is of increasing concern due to rising temperatures over the past two decades, e.g.
mean peak temperatures in Sweden were higher in the period 1991–2020 (Fig. 1b) than in 1961–1990
(Fig. 1a). Trend analysis suggests that heavily populated areas in the southern part of the country will
experience more prolonged and frequent heatwaves in the near future (Vieira Passos et al. 2024). A
persistent heatwave in Sweden in the summer of 2018 resulted in around 750 cases of excess mortality
(SMHI, 2020). Sweden faces a considerable risk of heatwave impacts due to its population being more
acclimated to cooler climates. For example, Sweden is accustomed to building homes and organizing
activities designed to withstand severe cold rather than heat (SWECO). Additionally, heatwaves are
generally the most common primary hazard interacting with other natural hazards (Sköld Gustafsson et
al. 2023b). Heatwaves in Sweden mostly occur in the summer months (June-August) and are defined in
this study as days with the maximum temperature exceeding 27°C for at least three consecutive days,
based on the threshold adopted by the Swedish Meteorological and Hydrological Institute (SMHI) for
issuing high-temperature warnings (Oudin Åström et al. 2020).

2.2 Development method
The framework developed and tested in this study comprised six main steps (Fig. 2): (1) data extraction,
(2) data pre-processing, (3) model training, validation, and testing, (4) model evaluation, (5) model
explanation and (6) application.

2.2.1 Data extraction
A total of 21 possible explanatory-predictive physical features were selected for ML heatwave modelling,
based on a literature review. These comprised seven atmospheric features (u component of wind speed
(u wind), v component of wind speed (v wind), monthly mean temperature, mean sea level pressure
(MSLP), specific humidity, precipitation and geopotential height), 11 land surface features (soil moisture,
runoff, evaporation, surface latent heat flux, surface sensible heat flux (SSHF), soil water content at four
different depths (0–7 cm, 7–28 cm, 28–100 cm and 100–289 cm, denoted soil water 1–4, respectively),
land cover and slope, and three additional spatiotemporal features (heatwave occurrence in the previous
month, and at various latitudes and longitudes) (Table 1).
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Table 1
Features considered in this study, data source for each feature and brief description

Feature Category Data
source

Description

u wind Atmospheric ERA 5 Monthly average 10 m u-component of wind
speed

v wind Atmospheric ERA 5 Monthly average 10 m v-component of wind

Mean
temperature

Atmospheric ERA 5 Monthly average air temperature at 2 m height

Mean sea level
pressure

Atmospheric ERA 5 Monthly average sea level pressure

Specific humidity Atmospheric FEWS
NET

Monthly average specific humidity

Precipitation Atmospheric ERA 5 Monthly sum of total precipitation

Geopotential
height

Atmospheric NCEP Monthly average surface geopotential height

Soil moisture Surface FEWS
NET

Monthly average soil moisture 0–10 cm
underground

Runoff Surface ERA 5
land

Sum of surface runoff and subsurface runoff

Evaporation Surface ERA 5
land

Sum of total evaporation

Latent heat flux Surface ERA 5
land

Sum of latent heat exchange with surface

Sensible heat flux Surface FEWS
NET

Sum of heat transfer between surface and
atmosphere

Soil water 1 Surface ERA 5
land

Volume of water in 0–7 cm soil layer

Soil water 2 Surface ERA 5
land

Volume of water in 7–28 cm soil layer

Soil water 3 Surface ERA 5
land

Volume of water in 28–100 cm soil layer

Soil water 4 Surface ERA 5
land

Volume of water in 100–289 cm soil layer

Land cover Surface ESA 22 land cover classes defined with the United
Nations Land Cover Classification System

Slope Surface USGS  

HWD in previous Temporal   1 if heatwave in previous month, 0 otherwise
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Feature Category Data
source

Description

month

Latitude Spatial-
geographic

   

Longitude Spatial-
geographic

   

The atmospheric and land surface features were retrieved from the remote sensing dataset using
Google Earth Engine (GEE). GEE is a cloud computing platform that allows the acquisition of data from
various sources for any specific study area worldwide, and is increasingly being used in heatwave-related
studies (Zhang et al. 2022; Mamgain et al. 2023). The study period in GEE was set to 1989–2019, with a
resolution of 27830 m based on data availability and quality. The preceding time feature of HWD
occurrence in the previous month was only used as a possible explanatory-predictive feature in ML
modelling with a one-month lead time. Figure 3 illustrates the Pearson correlation coefficient (R)
between features and target, suggesting that there are no linear relationships between selected
indicators and heatwave occurrence. Hence, advanced ML models could be deployed to address the
nonlinear relationship. Heatwave days were identified based on daily maximum temperature. Since
almost all heatwaves in Sweden occur in the summer months (June, July or August) (Sjulgård et al.
2023), only these were set as target months. Monthly heatwave occurrence was defined using binary
classification, with a value of 1 allocated for one or more HWD during a month (Class 1) and a value of 0
for no HWD (Class 0).

2.2.2 Data pre-processing
The data obtained from GEE were subjected to three data pre-processing procedures, feature selection,
feature scaling and data resampling to ensure high-quality, consistent, and suitable data for subsequent
modelling. Data were split into training, validation and testing datasets, corresponding to data in 1989–
2016, 2017–2018 and 2019, respectively.

Feature selection

Feature selection consisted of identifying an effective subset of features from the full set by removing
noisy and redundant features (Tang et al. 2014). A Pearson correlation matrix of the 21 features was
plotted with a heatmap to examine mutually correlated feature groups. Highly correlated features
contained similar information and conveyed redundant information to the model, and therefore one
feature in each highly correlated feature group was kept and the others were excluded.

Feature scaling

Feature scaling was applied to transform selected features to a common range, minimising the bias of
feature value distribution (Singh and Singh 2020). This procedure is required since features present
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distinct value ranges in this study, and greater numerical feature values may dominate over smaller
numerical feature values (Singh and Singh 2020). The minimum-maximum normalisation method was
applied, where the maximum value was equal to 1 and the minimum to 0.

Data resampling

Resampling is a state-of-the-art solution to address imbalanced data (Alam et al. 2020). Based on
historical data, months in which a heatwave occurred were relatively infrequent compared with months
without a heatwave. This caused a class imbalance problem, leading to bias towards the majority class
(Class 0) (Lin et al. 2017). Data imbalance is a common problem when dealing with real-world
applications, e.g. natural hazards (Oommen et al. 2011). To balance the data without losing essential
information, cluster centroids, a clustering-based under-sampling technique (Alam et al. 2020), was
applied in this study. Cluster centroids replace the majority class samples with cluster centres, reducing
the amount of majority class samples while maintaining the representative variations (Tsai et al. 2019).
This resampling technique was only applied to the training dataset for the ML models.

2.2.3 Model training, validation and testing
Model development comprised the following steps: (1) model training with the training dataset, (2)
model fine-tuning (hyperparameter tuning and threshold tuning) with the validation dataset, and (3)
model testing with the testing dataset for independent performance evaluation. Lead times of one to five
months were tested and the three steps above were repeated for each lead time considered. A total of
25 ML models were developed and tested in this study. Following a literature review, five popular ML
classifiers (Extreme Gradient Boosting, Gaussian Naïve Bayes, K-Nearest Neighbour, Random Forest, and
logistic regression) were selected based on their relevant characteristics. Brief summaries of each
model class and their applications are provided below.

Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is a highly effective and scalable algorithm derived from the
ensemble of decision trees (Chen and Guestrin 2016). It has a built-in regularisation function to reduce
overfitting, and parallel processing to speed up the model training process (Asadollah et al. 2022). A
previous study used an XGBoost model to predict the number of heat-related ambulance calls and
achieved high accuracy (Ke et al. 2023).

Gaussian Naïve Bayes

Gaussian Naïve Bayes (NB) is an efficient classifier identified as one of the top ten algorithms in data
mining (Wu et al. 2008). Gaussian NB is based on Bayes’ theorem, assuming the data are Gaussian-
distributed and that all the features are independent (Wu et al. 2008). It has given satisfactory results in
urban flood depth prediction (Wang et al. 2021).

K-Nearest Neighbour
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K-Nearest Neighbour (KNN) is a generic non-parametric algorithm that does not make assumptions on
data distribution (Wu et al. 2008). It does not learn the pattern, but memorises the training set, calculates
the distance, and then decides based on the majority of k-nearest neighbours (Wu et al. 2008). This
model has been extensively applied in drought prediction, with good results (Raja and T 2022).

Random Forest

Random Forest (RF) is an ensemble model based on averaging the results of randomised decision trees
(Biau and Scornet 2016). It is one of the most widely applied models in environmental research, and has
been widely tested in previous heatwave-related studies (Asadollah et al. 2022; Weirich-Benet et al.
2023).

Logistic regression

Logistic regression (LR) is a robust and flexible classification model for predicting a binary outcome,
such as yes/no, when the features are continuous (Bartosik and Whittingham 2021). Logistic regression
calculates a linear combination of the input features and then transforms them with a sigmoid function
(Bartosik and Whittingham 2021). It is widely applied in the clinical field (Kannan et al. 2023) and hazard
research, e.g. mapping of flood susceptibility and drought spatial patterns (Al-Juaidi et al. 2018; Niaz et
al. 2021).

Model fine-tuning

Hyperparameters are external configuration variables of algorithms. Hyperparameter tuning consists of
finding the optimal settings of hyperparameters to classify imbalanced data at algorithm level (Rosales-
Pérez et al. 2023), possibly achieving significant ML model improvements (Kong et al. 2019). Random
search, one of the two most widely used strategies for hyperparameter tuning, was selected for use in
this study due to its advantages in terms of efficiency and flexibility (Bergstra and Bengio 2012).

Model prediction was determined probabilistically, with the normal default threshold for algorithm
prediction classification set at 0.5, i.e. prediction probabilities greater than 0.5 were regarded as Class 1,
while probabilities below 0.5 were regarded as Class 0 (Zou et al. 2016). However, a default threshold of
0.5 is not always suitable for imbalanced classification and leads to poor performance (Brownlee 2020).
Therefore, the threshold value in this study was set as that yielding the highest F1-score in the validation
dataset (see below).

2.2.4 Model evaluation
In general, the minority data class (with a heatwave in a month) was defined as positive (Class 1), while
the majority class (with no heatwave in a month) was defined as negative (Class 0) (Zou et al. 2016).
Two evaluation metrics, F1-score and accuracy, were selected to evaluate model performance because
F1-score is a popular metric in imbalanced classification, especially when accurate prediction of
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heatwave occurrence (Class 1) is important (Zhang et al., 2017), and accuracy is the most commonly
used metric for classification. These evaluation metrics are defined as follows (Luo et al. 2019):

1

2

where TP (true positives) represents the number of positive predictions that are correctly predicted, TN
(true negatives) is the number of negative predictions that are correctly predicted, FP is the number of
false positive predictions, and FN is the number of false negative predictions.

2.2.5 Model interpretation
Machine-learning models are often considered black boxes and are increasingly being used for high-
stakes prediction applications to support decision-making processes (Rudin 2019). Therefore, efforts
and approaches to interpret model outputs physically are as crucial as improving predictability in order
to provide scientific insights, enable model improvements and improve scientific understanding of the
modelling process (Lundberg and Lee 2017). To this end, SHapley Additive exPlanations (SHAP), a state-
of-the-art ML model interpretation technique based on cooperative game theory (Angelov et al. 2021),
was employed. SHAP calculates the model output impact of each explanatory-predictive feature as if the
different features were players in a coalition game, and the payoff of the features, referred to as the
Shapley value, is a measure of their importance (Angelov et al. 2021). SHAP is a strong and insightful
way to physically interpret the results of complex ML algorithms (e.g. Althoff & Destouni, 2023) and
offers valuable perspectives on underlying dynamics that govern heatwave patterns.

3 Results

3.1 Feature selection
A correlation matrix heatmap illustrating the associations between the 21 possible explanatory-
predictive features considered initially in this study (as outlined in Table 1) is shown in Fig. 4. Three
highly correlated pairs of features were identified (R > 0.8): evaporation and surface latent heat flux,
specific humidity and monthly mean temperature, and soil water content at different depths (1, 2, 3 4).
These pairs showed a similar pattern, therefore only one of each pair was retained (evaporation, monthly
mean temperature and soil water 1). The remaining 16 features made up the final optimal feature set in
this study and were applied in ML modelling.

F1 − score =

2 ∗ ∗
TP

TP+FP

TP

TP+FN

+
TP

TP+FP

TP

TP+FN

Accuracy =
TP + TN

TP + FP + TN + FN
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3.2 Model performance
The performance of the ML models in the testing procedure is shown in Fig. 5a. XGBoost performed best
at prediction lead times of one month (F1-score = 0.63, accuracy = 0.81) and four months (F1-score = 
0.54, accuracy = 0.79). KNN achieved the best predictive performance at lead times of two, three and five
months (respective F1-score = 0.63, 0.65, 0.49, accuracy = 0.77, 0.79, 0.78). The RF model showed
moderate performance for all lead times and was ranked second to fourth among the models, with an
F1-score around 0.5 and accuracy around 0.75. The LR approach showed increasingly high ranking and
predictive performance for longer lead times, ranking second for a lead time of five months (F1-score = 
0.37, accuracy = 0.76). Gaussian NB showed a consistently poorer performance than the other models
(F1-score < 0.5, accuracy < 0.7). Overall, model performance gradually declined with increasing prediction
lead time, as indicated by a decreasing F1-score from 0.63 to 0.49 and accuracy from 0.81 to 0.74.

3.3 Feature importance
The feature importance ranking and impact value obtained using the SHAP approach for the best-
performing models with lead times of one to five months is shown in Fig. 6. Geopotential height and
geographic latitude emerged as key explanatory-predictive features for HWD occurrence, consistently
ranking in the top five across various models and lead times. V wind is more important than u wind, and
these two features generally ranked lower, appearing outside the top ten in terms of importance, which
indicates a relatively minor influence on the model’s predictive capability. Furthermore, soil moisture and
geographic longitude exhibited enhanced importance in models over longer lead times, while
evaporation was of decreased importance.

Figure 6 also shows the distribution and variability of SHAP values for each feature in the best-
performing models for lead times of one to five months. The impact ranges for features became
narrower and more concentrated around zero impact for longer prediction lead times, implying a weaker
influence on model output at longer lead times. Overall, heatwave formation tended to be higher for
lower values of geopotential height, precipitation, evaporation, latitude, and slope, and for higher values
of average temperature, mean sea level pressure, u wind and v wind.

3.4 Example of application for heatwave in July 2019
Heatwave occurrence prediction maps were generated for July 2019 across Sweden utilising the best-
performing model for each lead time in a series from longer to shorter lead times (Fig. 7). A large-scale
heatwave did indeed occur in Sweden in July 2019, and the present predictions were made as one
specific test example of the potential of the ML-based methodology framework developed in this paper
to support early-warning systems. The maps in Fig. 7 present the actually observed heatwave
occurrence (Fig. 7 (a)) alongside the best ML model predictions at lead times from five months to one
month before the occurrence (Fig. 7 (b) to (f)).
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Figure 7 illustrates the capability of the present multi-model ML methodology framework to predict
heatwave occurrence with long lead times, and how this capability further improves as the lead time
decreases. Specifically, the accurate heatwave predictions increase from 803 to 996 out of 1294 pixels
across the whole area of Sweden.

4 Discussion
This study presents a ML methodology framework to comparatively develop, identify and extract insights
from the most suitable models for heatwave occurrence prediction with seasonal lead times and global
remote sensing datasets. The methodology framework could be adapted to other regions using global
datasets on GEE platforms and open-source ML libraries. This study’s results demonstrate that ML
models can deliver a good predictive ability up to five months in advance. Ultimately, this study
contributes to the strategic deployment of ML models in climate adaptation efforts, offering a
methodical approach to enhancing predictive accuracy and operational readiness for heatwaves, thereby
reducing their socio-economic impacts.

Among all the tested models, XGBoost and KNN showed the best performance overall across the
different lead times (of one to five months) tested in this study. The superior performance of XGBoost in
predicting HWD with lead times of one to three months can be attributed to its effectiveness at capturing
nonlinear interactive feature effects (Zheng et al. 2021). To date KNN has been applied less to natural
phenomena prediction than other popular algorithms such as RF and LR. In this study, however, KNN
surprisingly outperformed those models. The good performance of KNN in this study may be because
this model makes no assumption about data distribution, providing more flexibility for weather data
(Badhiye et al. 2013), which may also inspire other scholars to test KNN performance in different natural
hazard predictions.

Based on the feature importance analysis, two key factors—geopotential height and geographic latitude
—were identified as principal contributors to heatwave formation. Land surface features, such as soil
moisture, proved significantly more important for long-term predictions compared to meteorological
factors like evaporation. Overall, impact values decrease with longer lead times, reflecting the increased
complexity of heatwave prediction over extended periods. Notably, heatwave occurrences within the
previous predicted month as an unconventional feature ranked second importance for models with a
one-month lead time. This suggests that there may be large potential for unconventional heatwave
factors that haven’t been considered in the ML-based heatwave prediction so far, such as winter snow
accumulation.

From a practical point of view, these insights not only improve understanding of heatwave formation, but
also facilitate the structured preparations for such events, guiding interventions well before the heatwave
occurs. By identifying key predictive features, such as geopotential height and geographic latitude, along
with the significance of land surface characteristics, these models will enable disaster management
agencies to develop a tiered, proactive response strategy. For instance, with the example shown in Fig. 7,
agencies can predict and monitor a large-scale heatwave four to five months ahead. Between one and
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three months ahead, agencies can launch broad-scale awareness campaigns with increased certainty,
optimise resource allocation, and implement early-stage mitigation strategies for the spatial coverage of
the heatwave. These strategies could include adjustments in public transportation schedules to reduce
heat exposure and the establishment of specific water-management protocols to handle increased
demand during peak heat periods. In the long term, these results can inform future spatial planning,
facilitating the design of houses and other buildings that are better equipped to withstand both heat and
cold. For example, nature-based solutions (NbS) such as incorporating shaded areas in the summer
while allowing sunlight during the winter can be effectively integrated into residential layouts (Pan et al.
2021; Barnett and Bouw 2022). Additionally, including NbS elements like pathways, water bodies, and
various types of vegetated areas can further enhance resilience (Sahani et al. 2023; Ibsen et al. 2024). As
the lead time shortens, the focus can shift towards fine-tuning emergency response plans, mobilising
community support mechanisms and deploying targeted health services to vulnerable populations.

Machine-learning methodologies are progressively employed to enhance the accuracy of heatwave
prediction, extending their ability beyond current predictability limits (Domeisen et al. 2023). These
predictions are essential for issuing heatwave warnings and for the efficacy of heat-health action plans
(Kotharkar and Ghosh 2022). Heatwave warning systems aim to mitigate the adverse impacts of
heatwaves and enhance communication among stakeholders. According to the World Health
Organization’s heat-health action plan guidelines, the adverse impacts of heatwaves can be significantly
reduced through well-coordinated actions at multiple levels (Matthies et al. 2008). These measures
include accurate and timely alert systems to provide timely public advisories and a heat-related health
information plan about what, to whom and when to communicate (Matthies et al. 2008). In this study, the
models were developed to predict the occurrence of heatwaves. For the proposed model to be utilised
practically, e.g., in a multi-hazard early-warning system, follow-up research is further needed, e.g., on: (i)
an impact-based prediction model and (ii) action road maps.

In an impact-based prediction model, the consequences of the heatwaves are not only related to the
hazard itself, but also to the characteristics of the population in the affected area. For example, people
with pre-existing health problems, socially isolated elderly people with fragile health conditions, young
children, people suffering from obesity, and cardiovascular diseases (Liu et al. 2022) are particularly
vulnerable to heatwaves. As an increase in the aging population is expected (SCB 2022), heatwaves are
projected to have more severe impacts in the future, not only due to climate change but also as a result
of rising urbanization (Hu et al. 2024). It is crucial for authorities to identify and locate vulnerable
populations and areas in need of medical intervention during a heatwave within urban environments. By
classifying the impact level of heatwaves—such as high-impact or low-impact—and integrating this
information into the model used in this study, the accuracy of predicted risks can be significantly
enhanced.

In action road maps, communication science is extremely important. Roadmaps can be created to
improve societal and organisational preparedness, prevent negative consequences, and ensure the
timely response to heatwave-related events and crises in Sweden. The roadmaps could be structured
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based on systemic mapping of best management practices in the EU and other parts of the world, their
adaptability to the Swedish context, and relevant policies and regulations to support societal security in
Sweden.

This study has a few limitations that could be improved and addressed in future research. To simplify the
modelling process, the threshold heatwave temperature in this study was set to the same value (27°C)
throughout Sweden in order to be consistent with the current national heatwave warning system.
However, a single threshold value might not be suitable across all parts of Sweden, as heatwave impacts
may differ considerably between northern and southern regions. Moreover, the selected explanatory-
predictive features investigated in this study were based on a literature review on heatwave prediction
with ML approaches, but were limited by data availability in GEE. Future research could integrate other
relevant features and test for importance in seasonal heatwave prediction, e.g. cloud cover and the
amount of snowfall in winter (Hansen et al. 2014; Dirmeyer et al. 2021). The study also assumed that
heatwaves would occur over relatively large regional scales, with related atmospheric features measured
at a relatively low spatial resolution compared with surface features. Future studies should assess
whether ML model performance improves with a higher spatial resolution in data and more precise data
sources, such as local weather stations.

5. Conclusions
This study bridges a research gap between physically based models that commonly enable relatively
short-term heatwave prediction, and ML models for possible considerably longer-term prediction and
associated earlier warning. The task of early heatwave prediction, i.e., with a seasonal lead time, is
challenging due to the complex interactions between different types of variables (atmospheric, land
surface and others). This study demonstrates the good ability of the present multi-model ML
methodology framework, using open-source remote sensing data from GEE, to enhance the prediction of
heatwaves with seasonal lead times and be implemented in, e.g., a multi-hazard early-warning system.
Among the five ML models investigated, XGBoost and KNN emerged as best suited for this purpose,
while Gaussian NB was found to be unsuitable, with a consistently poor performance compared to the
other investigated models.

The novelty of the present study lies in its development and comparison framework of five ML models,
and the concrete exemplification of the possible combined application of best-performing models in a
multi-model methodology framework that facilitates better heatwave preparedness and mitigation
strategies. Feature importance assessed and interpreted using the SHAP approach, and geopotential
height shows good long-term predictive power of the best-performing ML models at lead times from one
to five months. More generally, the results demonstrate that a multi-disciplinary approach can be
effective in addressing complex coupled environmental and societal challenges in future spatial
planning.
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Figure 1

Maps of Sweden showing the average value of the years’ highest temperatures during the periods (a)
1961-1990; (b) 1991-2020 (adapted from SMHI, 2023).
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Figure 2

Flowchart of the framework developed and used for heatwave prediction in Sweden.
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Figure 3

Scatterplots of selected variables and the number of heatwave days in the target months (June, July and
August) between 1989 and 2019. Low R values suggest that there is no linear relationship between the
features and target. The red colour represents the regression line.
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Figure 4

Correlation matrix heatmap of possible relevant explanatory-predictive features for heatwave prediction
investigated in this study. Red indicates features with strong positive correlations, white no correlation,
and blue negative correlations. See Table 1 for feature descriptions.
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Figure 5

Performance of the five machine-learning models in the prediction of heatwave days in Sweden with lead
times of one to five months: (a) F1-score and (b) accuracy
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Figure 6

SHapley Additive exPlanations (SHAP) values for each feature in the best-performing models in
prediction with lead times of one to five months, where blue represents lower and red represents higher
feature values, and positive and negative SHAP values (x-axis) imply a higher and lower probability of
heatwave occurrence, respectively.
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Figure 7

Example of heatwave occurrence observed in July 2019 (a) and associated predictions at 1-month (b)
lead time with XGB model, at 2- (c) and 3-months (d) lead time with KNN model, 4-month (e) lead time
using XGB model and 5-month (f) lead time based on KNN model. The yellow area indicates the
presence of a heatwave, while the purple area indicates regions without a heatwave.


