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Abstract

Extreme heat waves are causing widespread concern for comprehensive studies on their
ecological and societal implications. With the ongoing rise in global temperatures, pre-
cise forecasting of heatwaves becomes increasingly crucial for proactive planning and
ensuring safety. This study investigates the efficacy of deep learning (DL) models, includ-
ing Artificial Neural Network (ANN), Conolutional Neural Network (CNN) and Long-Short
Term Memory (LSTM), using five years of meteorological data from Pakistan Meteoro-
logical Department (PMD), by integrating Explainable Al (XAl) techniques to enhance the
interpretability of models. Although Weather forecasting has advanced in predicting sun-
shine, rain, clouds, and general weather patterns, the study of extreme heat, particularly
using advanced computer models, remains largely unexplored, overlooking this gap risks
significant disruptions in daily life. Our study addresses this gap by collecting five years
of weather dataset and developing a comprehensive framework integrating DL and XAl
models for extreme heat prediction. Key variables such as temperature, pressure, humid-
ity, wind, and precipitation are examined. Our findings demonstrate that the LSTM model
outperforms others with a lead time of 1-3 days and minimal error metrics, achieving an
accuracy of 96.2%. Through the utilization of SHAP and LIME XAl methods, we elucidate
the significance of humidity and maximum temperature in accurately predicting extreme
heat events. Overall, this study emphasizes how important it is to investigate intricate

DL models that integrate XAl for the prediction of extreme heat. Making these models
understood allows us to identify important parameters, improving heatwave forecasting
accuracy and guiding risk-reduction strategies.

1 Introduction

Extreme heat refers to deviations from normative high temperatures within a spe-
cific geographic location, determined by unique meteorological conditions. The World
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Meteorological Organization classifies meteorological heatwaves into dry and wet types, with
dry heatwaves characterized by clear skies and oppressive temperatures and wet heatwaves
characterized by humid temperatures [1]. As one of the main contributors to both natural
and human disasters, heatwaves must be addressed, and preventive measures must be taken
to lessen the damage [2]. Extended heatwaves can cause far more havoc than a single, severe
day’s temperature [3]. Global cities are the primary sources of heat and pollution due to fac-
tors like energy use and economic activities [4]. In 2010, there was an atmospheric blockage
in Eastern Europe and Western Russia [5] that resulted in over a month of intense heat and
1500 tragic deaths. High temperatures pose significant threats to civilizations due to their
potential impact on various economic aspects of living [6]. A heatwave that struck Karachi
in June 2015 caused catastrophic damage and 1200 deaths. The combination of low pressure
and high humidity resulted in a high temperature of 44.8 °C on June 20, 2015 [7]. Serious
concerns regarding the 21st century arise from global changes in weather patterns [8]. In this
paradigm, Pakistan find itself more a victim than a catalyst of these climate changes [9]. The
summer months in Pakistan typically run from March to August, when temperatures range
from mild to hot. However, during the past three decades, Pakistan has seen an increase in
severe weather events [10] comparable to the vulnerabilities found in coastal Ecosystems
especially vulnerable to oil spills and human activities, like mangroves and leatherback turtle
nesting sites along Trinidad’s east coast [11], highlight the need for strategic planning to min-
imize environmental damage and preserve ecological integrity and public health. The health
of its people, agriculture, and the general ecological balance are all seriously threatened by
this expansion. Workers in construction companies in Al-Ahsa region of Saudi Arabia are at a
higher risk of kidney injury due to extreme summer heat, which is worsened by dehydration,
a lack of sleep, and obesity. This highlights the broader effects of heatwaves across different
regions [12].

Scholars are utilizing technological advancements like deep learning (DL) to address the
ever-changing climate patterns, especially during periods of extreme heat. LSTM, a DL mod-
els have garnered attention for weather forecasting [13-16]. However, even with these devel-
opments, interpretability is still a critical aspect of DL models. Understanding and interpret-
ing the algorithm’s outcomes is crucial [17]. In this case, XAl is useful because it improves
transparency by offering insights into the results of the DL model and revealing the factors
that underpin the heat prediction. By utilizing XAT’s capabilities, stakeholders can gain a com-
prehensive understanding of the model’s predictions, which promotes confidence and under-
standing in the model’s decision-making process. Many deep learning (DL) and machine
learning (ML) models have been used to forecast extreme heat events; however, these models
are mainly used to forecast weather events with different lead times, such as forecasts for the
short and long term [7,18,19,21]. To the best of our knowledge, minimal research has been
done to investigate the crucial elements required to make precise predictions [22]. It is imper-
ative that stakeholders comprehend these factors in order to take proactive measures aimed at
mitigating the effects of extreme heat events. In this work, we collected regional data from the
Pakistan Meteorological Department (PMD) and, after preprocessing, named it the XWeather
(eXplainable Weather) dataset, which serves as the foundation for our research. Leveraging
this dataset, we propose a framework that uses DL models to predict extreme heat and XAI
to provide insights into the contributing factors. In particular, the contributions of this study
are:

o Preparation of XWeather dataset by collecting and pre-processing 5 years of meteorolog-
ical data (2018-2022) sourced from PMD, which includes label encoding and scaling of
numerical features
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o We proposed a framework utilizing three deep learning models including ANN, CNN,
and LSTM to predict extreme heat events, with LSTM achieving the highest accuracy in
forecasting these events.

o Applying SHAP and LIME XAI to extract high impact features for precise heat event pre-
diction. By pinpointing and justifying the most critical features, we effectively filter out
low-value data, significantly boosting model accuracy and reliability.

Our study focuses on integrating explainable Al principles with deep learning method-
ologies to provide transparent insights into factors driving extreme heat event predictions, to
enhance decision-making and mitigation techniques. The remaining structure of the paper is
as follows: In Sect 2, a thorough related work on DL, ML, and statistical models for extreme
heat is reviewed. In Sect 3, we present a comprehensive framework that includes details of
the XWeather dataset preprocessing and the functioning of both DL and XAI models. Sect 4
describes the experimental setup, covering hardware and software specifications as well as the
training procedures for the DL models. Sect 5 provides an in-depth discussion of the results,
highlighting key insights and analyzing the performance of the proposed models. Finally,
Sect 6 concludes the study by summarizing the findings and suggesting possible directions for
future research.

2 Literature review

Extreme heat prediction is critical for its serious effects, necessitating extensive global research
using a variety of methodologies such as ML, DL, and statistical models. But interpreting

and understanding the variables influencing these forecasts is a challenging task. Integrat-

ing XAl techniques has the potential to elucidate critical features in models, improve inter-
pretability, and formulate proactive measures to mitigate heat wave effects. This section covers
the latest research on the forecasting of extreme heatwaves in different parts of the world. In
study [22] Sub-seasonal performance analyzed in Central Europe using linear and RF mod-
els, revealing accurate ECMWF forecasts with 1-6 weeks lead times. Local air temperature,
500 hPa soil temperature, and precipitation, were identified as the greatest predictors of sum-
mer anomalies and heat waves. The temperature data from 27 grid points are used in another
study [23] to forecast the number of annual heatwave days in Iran. Ada-Boost Regression

and Decision Tree (ABR-DT), a hybrid approach that combines traditional machine learning
algorithms and hybrid methods, performs better than the other methods with a correlation
coeflicient of 0.860 and a mean absolute error of 6.929. The research [19] develops a climate
change-resilient heatwave prediction model using machine learning methods like SVM, ran-
dom forest, and artificial neural network, outperforming other models in Pakistan summer
heatwave days. A climate change study on Trinidad and Tobago using Sen’s slope estimator
and Mann-Kendall tests found significant increases in minimum and maximum temperatures
over 30 years, with no significant changes in monthly rainfall. This suggests warmer winters
and hotter summers [20].

The neural weather model, ExtNet [25], outperforms historical data in predicting heat
events with lead time of 1 to 28 days in sub seasonal conditions. The next study [26] assesses
the prediction of summer high temperatures in Western and Central Europe using statisti-
cal modeling and a machine learning model on the ERA5 dataset, with a 15-day lead time,
concentrating on climate change and driving variables. The study [24] compares ANN and
Gene Expression Programming (GEP) for temperature prediction in Tabuk, Saudi Arabia.
GEDP, using inputs like pressure, wind speed, humidity, and rainfall, proves more accurate
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and reliable for agricultural forecasting. However, in study [21] Convolutional Neural Net-
work trained using 1000 years of climate model results, Planet Simulator, large-class under-
sampling, and transfer learning, accurately anticipates long-lasting intense heat waves up
to 15 days in advance. A real-time heatwave monitoring method [27] for the Indian sub-
continent, utilizing machine learning to predict extreme heat indices two to three days

in advance. The SWAT (Soil and Water Assessment Tool) model in [29] showed that cli-
mate change could increase extreme heat temperatures by 1-4 °C in the Gharesou Basin,
affecting water availability. The QRF model, based on synoptic climate variables, outper-
forms classical random forest in Pakistan’s heatwave forecasting, predicting triggering

and departure dates with 1-10 days lead times [30]. The LSTM neural networks [7] is uti-
lized to predict heatwave maximum temperatures. Moreover, a data-driven solution [31]
using Capsule Neural Networks (Caps Nets) for weather forecasting extremes, outperform-
ing numerical models and demonstrating the power of deep learning methods. However,
the study [32] explores climate change’s impact on the China-Pakistan Economic Cor-
ridor, revealing its vulnerability to heat waves from 1980 to 2016, with continuous activ-
ity in Pakistan’s southern, middle, and eastern regions. The study [18] employs Recur-

rent Neural Networks and LSTM models to estimate daily temperatures from BMKG in
Bandung, with accuracy enhanced by pre-processing and optimization models. The study
[28] forecasts temperature and geopotential approximately three to five days in advance
using a full stacked neural network approach, specifically convolutional ResNet over the
ERAS5 dataset. The study [1] reveals a global concentration of heatwave research and health
impacts, primarily in mid-latitude, high-income countries, with underrepresentation in
areas like tropical and high-latitude areas, South America, Africa, Eastern Europe, Mid-
dle East, and Asia. It is anticipated that in the near future, South Asian regions and its
neighbors would be extremely affected by HWs, which will have significant socioeconomic
effects [32].

Limited work exists on regional datasets: In the field of extreme heat prediction, there
has been relatively little focus on datasets specific to south Asian regions [7,19,27] despite this
being a critical and emerging area of interest. The complexity of acquiring localized data often
poses a significant barrier, which may explain the scarcity of such studies. To address this
gap, we collected regional data from the PMD, preprocessed it, and named it the XWeather
dataset. To the best of our knowledge, limited work has utilized local datasets in this context,
highlighting the novelty and potential impact of our approach.

Limited work on explainable AI: Even though XAI is increasingly being used to improve
model interpretability, its applications in extreme heat prediction are limited [21-23,25,33,
34] . Given the importance of making accurate and interpretable predictions in this field, there
is an increasing need for XAI to help unpack the “black box” nature of deep learning models.
To close this gap, we use XAI methods to gain insights into how predictions are made and to
identify the critical factors driving extreme heat events, making a significant contribution to
model transparency and reliability in this field.

Limited work on deep learning with XAI: DL models are complex [35], [36] and fre-
quently known as "black boxes” making it difficult to comprehend their prediction processes.
While much work has been done to integrate XAI with machine learning models [26,37],
there has been little research into applying XAI to DL models, particularly in the context
of extreme heat prediction. This study fills that gap by utilizing XAl to identify the factors
influencing DL model predictions, thereby improving interpretability and reliability in this
domain.
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To the best of our knowledge, no prior research has looked into the extraction of important
features for extreme heat prediction using XAl as shown in Table 1, particularly in combina-
tion with DL models. In order to close this gap, we have created a framework in this paper
that focused on using DL models including ANN, CNN and LSTM for extreme heat predic-
tion, with an emphasis on the Asia region. In order to improve the transparency and inter-
pretability of DL-based extreme heat prediction models, our method places a strong emphasis
on the extraction of important features using X AI techniques.

3 Proposed methodology
The proposed methodology for heat prediction includes the following steps:

Collection of XWeather dataset containing relevant meteorological parameters from PMD.
Preprocess the data by handling missing values, per forming numerical feature scaling, and
applying label encoding.
DL Model training including ANN, CNN, and LSTM.
Evaluate the models using metrics such as accuracy, RMSE, MAE, and MSE.
Select the model with higher accuracy and minimal error rates for establishing regional

thresholds.

Table 1. Comparative analysis of different approaches used for extreme heat prediction.

Ref Dataset Collection Area of Study Technique Lead Time Findings | XAI

Weirich Benet et al. ECMWEF Central Europe Linear and Random 1-6 weeks X

(2023) Forest

Lopez Gomez et al. (2023) |[ERA5 Globally Neural Weather Models |1 to 28 days X

Van Straaten et al. (2022) |ERA5 Central and Western Logistic Regression 15 days v

Europe

Juna et al. (2022) World Weather Online Karachi, Pakistan LSTM Deep Learning X

Dumas et al. (2022) PlaSim climate model France CNN Deep Learning 15 days ahead X

Narkhede et al. (2022) Indian Meteorological India, Asia Empirical Model/Vanilla |2-3 days X

Department (IMD) LSTM model

Anushka Perera et al. Trinidad and Tobago Trinidad, Tobago Islands |Sen’s slope estimator and |x X

(2022) Meteorological Service Mann-Kendall tests.

Khan et al. (2021) NCAR/NCEP Pakistan, Asia ANN, SVM, Random X X
Forest

C. Clare et al. (2021) ERA5 Globally Convolutional ResNet, 3-5 days X
Neural Network

S. Rahayu et al. (2020) BMKG Agency Indonesia RNN, LSTM Deep X X
Learning

Chattopadhyay et al. large-ensemble (LENS)  |North America CapsNets Deep Learning |1-5 days X

(2020) Community Project

Khan et al. (2019) Princeton Global Pakistan, Asia Quantile Regression +5 days X

Forcing/NCEP Forest
Ullah et al. (2019) PMD China-Pakistan Economic |Mann-Kendall (m-MK) |x X
Corridor (CPEC) test and Theil-Sen’s (TS)

test

H. Md. Azamathulla et al. |Saudi General Author- Tabuk, Saudi Arabia ANN and GEP X X

(2018) ity of Meteorology and

Environmental Protection

Notes: XAI = Explainable Artificial Intelligence; ECMWEF = European Centre for Medium-Range Weather Forecasts; ERA5 = Fifth genera-
tion of ECMWF atmospheric reanalyses of the global climate; LSTM = Long Short-Term Memory; ANN = Artificial Neural Network; SVM
= Support Vector Machine; RNN = Recurrent Neural Network; CNN = Convolutional Neural Network.

https://doi.org/10.1371/jo

urnal.pone.0316367.t001
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o Incorporate explainable AI models including SHAP and LIME to ensure prediction trans-
parency.

These steps (see Fig 1) contribute to a comprehensive approach for predicting heat events
and identifying the critical elements that should guide mitigation and management plans.

3.1 Dataset details

This study focuses on Lahore, the capital of Pakistan’s Punjab province, which covers about
1772 square kilometers. It experiences hot summers with highs up to 40 °C (see Fig 2), and
chilly winters with moderate to heavy rainfall. Extreme weather events have a significant
impact on the city’s infrastructure and inhabitants due to industrial activities and widespread
vehicle use exacerbating environmental problems like air and water pollution. For this rea-
son, the XWeather dataset, collected from PMD, spans over five years from 2018 to 2022 and
comprises twelve parameters, including date, pressure, humidity, minimum and maximum
temperatures, precipitation, wind speed, and wind direction, recorded at 300 and 1200 UTC
(Universal Time Coordinated). See Table 2 for details.

3.1.1 Preprocessing The XWeather dataset used in our study was carefully preprocessed
to reduce biases and extract insightful information that would help us make more accurate
predictions for extreme heat events. Label encoding, numerical feature scaling, and missing
data configuration were applied as preprocessing techniques. It includes;

« Handling missing data: The average values of the corresponding column were utilized to
ensure the accuracy and completeness of the subsequent analyses

- Evaluation and Regional XAI Model development
Dataset P DL Model Develo t
ataset Preprocessing ———> e Threshold > and Results
Train Test Split Performance
_| Data coll,lecuon from 80-20 —> Evaluation » XAl Models

> Accuracy ™

Handling Null __
Values ) —  RusE —

DL Models —>»  MSE o LIME SHAP

—

=—>» Label Encoding =

|, Scaling Numenical _| vy | ¥ =% MAE =

Features )
S A\ 4 ho Best Model <
LST™ ¥
A Regional Threshold Important Factors for
Extreme Heat
Preprocessed l Prediction
ta
o Test set Predict Heat event

Fig 1. Proposed methodology for predicting extreme heat events.

https://doi.org/10.1371/journal.pone.0316367.g001
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Fig 2. Monthly average maximum temperature of study region over the past 5 years.

https://doi.org/10.1371/journal.pone.0316367.g002

Table 2. Details of XDL dataset parameters.

Sr. # Parameters Daily resampling Units

1 Date Daily d-m-y

2 Pressure 300 and 1200 UTC Millibars (mb)

3 Humidity 300 and 1200 UTC g/kg

4 Minimum Temperature 24h Celsius

5 Maximum Temperature 24h Celsius

6 Wind Direction 300 and 1200 UTC Cardinal

7 Wind Speed 300 and 1200 UTC Meter per second
8 Precipitation 24-h mean millimeter

https://doi.org/10.1371/journal.pone.0316367.t002

o Label encoding: The process of converting categorical variables like wind direction into
numerical representations by assigning distinct integer labels for each wind direction
observed at 300 and 1200 UTC.

+ Numerical feature scaling: Our data underwent min max scaling, a process of subtracting
the minimum value and dividing it by the data range, resulting in values typically falling
within a predefined range.

This ensured that complex weather patterns that cause periods of intense heat were appro-
priately represented in XWeather dataset. A correlation heatmap (see Fig 3) provides a visual
representation of the relationships between variables The degree of correlation between vari-
ables is indicated by the color intensity in a correlation heatmap, as demonstrated by the
matrix with color coding shown below.
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Fig 3. Correlation Heatmap of XWeather dataset parameters.

https://doi.org/10.1371/journal.pone.0316367.g003

3.2 Deep learning model development

Deep learning is an integral branch of artificial intelligence that has become very popular due
to its ability to solve complicated time series problems. In this study, extreme heat events are
subjected to predictive analysis using deep learning models including ANN, CNN, and LSTM
that are capable of automatically learning from data. Utilizing the deep learning packages,
including Keras and TensorFlow, all code is written in the Python programming language

3.2.1 ANN model In this study, the architecture of our model (see Fig 4) consists of
three hidden layers, each with 64 neurons acti vated by a rectified linear unit (ReLu) function.
The second layer maintains 32 neurons, while the third layer integrates a single neuron acti-
vated by a sigmoid function. To optimize the model, we used a batch size of 32 during train-
ing over 50 epochs, balancing computational efficiency and model convergence. This struc-
tured approach ensures clarity and precision in our neural network architecture and training
regimen.

3.2.2 CNN model In our study, CNNs serve as the secondary algorithm, showing an
exemplary architecture tailored for handling intricate datasets. Illustrated in Fig 5 our model
features a convolutional layer comprising 16 filters, each paired with a ReLu activation func-
tion, succeeded by a pooling layer for effective down-sampling. Subsequently, data is pre-
pared for subsequent dense layers through a flatten layer, leading into a 10-neuron dense
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Fig 4. ANN structure for extreme heat prediction.
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.
. -
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i
Inputn 1

Fig 5. CNN structure for extreme heat prediction.
hitps://doi.org/10.1371/journal.pone.0316367.9005

layer equipped with ReLU activation. For binary classification tasks, the final layer harnesses
the Sigmoid function. Employing the Adam optimizer, our model is meticulously trained
over 50 epochs, utilizing a batch size of 32. The CNN framework emerges as indispensable,
adept unveiling intrinsic patterns embedded within datasets, thus enriching our analytical
endeavors.

3.2.3 LSTM model In essence, LSTM is a well-known, significant advancement of the
Recurrent Neural Network RNN that tackles its conventional issues. LSTM is a subtype of
RNN with a more complex structure and specialized memory cells with gating mechanisms.
The core LSTM structure (see Fig 6) is made up of three gates including input gate, forget
gate and output gate. Within a time horizon, each gate regulates and secures the data in both
short- and long-term memory. It makes use of both hyperbolic tangent activation function
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© , ® | (©)

I @

Fig 6. Detailed gate structure of LSTM architecture reveals intricate insights into long short-term memory networks.

https://doi.org/10.1371/journal.pone.0316367.9006

and sigmoid activation function. Any x-axis coordinate between 0 and 1 is handled by the
sigmoid activation function. On the other hand, any x-axis coordinate can be converted to a
y-axis coordinate using the hyperbolic tangent activation function.

ﬁ =0 (thhtfl + foXt + bf) (1)

In Eq 1, the sigmoid function used by the forget gate is represented by o, and f; stands for
the forget gate results. The weight matrices and bias term of the forget gate are represented by
W.s, Wiy, and by, respectively.

ir=0 (Wi + WX, + b;) (2)
C; =tanh (thht—l + WXCX[ + bc) (3)

Similarly, Eqs 2 and 3 indicate that the cell state has been updated with new data as a result
of the current input. Thus, i; and C, represent the results of the input gate and the candidate
state, respectively. The terms Wp;, Wy;, Wy, and W, represent the weight matrices of the
input layer, while b; and b, represent the bias values of the input gate and the candidate state,
respectively.

Ct :f;‘ct,l + ltC; (4)

Eq 4 can be used to determine the long-term memory that is currently updated. The final
stage of this LSTM can be updated using the revised long-term memory obtained through
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the input gate. Here, C; and C,_; stand for the cell state value’s current and previous states,
respectively.

0;=0 (Whnht—l + onXt + bo) (5)
h;=o0; - tanh (C;) (6)

The gate containing the output can be computed using Eq 5, and the most recent update to
the short-term memory is attainable using Eq 6. Here, Wj,,, W,,, and b, represent the weights
and bias in the output layer, and X; is the input variable in the LSTM unit. Additionally, the
LSTM can read, reset, and update both short- and long-term data using these three gates,
which improves the results for time series problems. Our study underscores the pivotal role of
LSTM model development due to its remarkable capability in handling time series datasets, a
characteristic particularly pertinent to our XWeather dataset.

Our LSTM architecture (see Fig 7) comprises three layers, with the initial layer contain-
ing 150 units and employing a ReLU activation function. The subsequent layer features 100
units, utilizing the same ReLU activation function, culminating in a single unit tailored for
binary classification tasks. Leveraging a batch size of 32, the Adam optimizer, and an exten-
sive training regimen of 50 epochs, our model aptly demonstrates its prowess in capturing
sequential memory patterns. This capability renders it adept at discerning and sequencing
temporal dependencies inherent in sequential data, thereby enhancing its utility in various
analytical contexts.

3.3 Explainable Al

These days, deep learning and machine learning predictions for weather forecasting get clari-
fied by XAI, which is crucial and enlightening at the same time. XAI models doesn’t affect the

LSTM Layer1 LSTM Layer2
150 Units 100 Units

Input Layer

Output Layer

— 0
/ \ " (No Heat Event)

{ Preprocessed )
Weather dataset)

1
(Heat Event)

Fig 7. LSTM structure for extreme heat prediction.

https://doi.org/10.1371/journal.pone.0316367.g007
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accuracies and computations of the ML or DL models on which it is used, but it helps in the
decision-making process by providing insights into it [38]. While complex black box mod-
els [39] might be more accurate than simpler ones, their logic is often unclear. Afterwards
explanation techniques are essential in these situations because they offer comprehensible
insights into the predictions produced by these complex ML and DL models. These ‘black box
models’ got new transperency level because of XAI techniques like SHAP (Shaply Additive
explanations) [40] and LIME (Local Interpretable Model-agnostic explanations). Since DL
models are best at forecasting extreme heat events which basically includes time series data,
so we apply XAI models to it to gain more insight into these predictions. The SHAP model
determines how each parameter contributes to the prediction of heatwaves, whereas LIME
determines which factor is most crucial [41].

3.3.1 SHAP In this study, the LSTM model results were subjected to the Shapley addi-
tive explanation (SHAP) of XAl in order to quantitatively analyze the impact of input vari-
ables on the predictions of extreme heat events for every observation period. By examining
each input parameter’s presence or absence in the dataset, SHAP determines its marginal con-
tribution and assigns a unique importance value to rank each parameter right away. Deep
SHAP computes the SHAP values for each component using the compositional nature of neu-
ral networks to provide estimates of SHAP insights for the entire network [42,43]. SHAP
assigns a distinct value to each observation’s parameter by employing the reverse engineer-
ing model output method for explaining the reasons behind the predictions [44]. The way the
varjable combination varies can be used to calculate the Shapley value [45]. A modification
to the variable combination occurs when the matching variable is added or removed from the
combination. Mathematically,

850 =3 SECEBED 6 s i) @)

SCx

where f(S) is the value generated by the coalition S, M is the total number of dataset
attributes, |S| is the number of attributes in coalition S, and f,.(S \ {i}) represents the value
generated when attribute i joins coalition S.

This clarifies the degree to which the output value of the learned model is influenced by
the input variable. With respect to each input variable, the SHAP values are represented as
dots. The vertical axis of the study represents the input parameters, and the horizontal axis
represents the impact on the model’s output.

M
f(x):¢0+z¢i (8)
i1

In the above equation, ¢y shows the baseline prediction, including the sum of SHAP val-
ues for all attributes. The final Shapley value is the sum of the impacts of all the individual
predictors, and the SHAP values illustrate how each attribute contributes to it, as shown in
Eq 8. The variables on the vertical plane are listed from top to bottom in order of importance
based on the range of the SHAP value, which shows the degree of influence on the predic-
tion result. In this case, it was found that humidity had the largest influence on the predicted
result, while wind direction had the least. SHAP uses visualization techniques to provide clear
understandings of complex deep learning model outputs and actionable insights into their
decision-making process.

3.3.2 LIME LIME is a technique for defining local explanations for individual complex
DL model predictions. This study utilized LIME to quantitatively analyze the impact of input
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variables on the LSTM based predictions of extreme heat events, during each observation
period. Since LIME is model agnostic, it can be used with any model and is primarily uti-
lized as a local explainer [46,47]. The process involves three steps: initially, the point of inter-
est is surrounded by artificial points in feature space, which are then predicted by the original
black-box model, and mapped to a simple model. In order to keep the interpretable model

g faithful to the predictions of the complex model £, it undergoes training to reduce a loss
function that hinders complexity.

L(g) =Zwi (i) - 8(x:))* + Q(g) ©)

In the LIME framework, w; represents the weight of the altered instances, f(x;) denotes the
prediction made by the complex model (LSTM) for the instance x;, g(x;) refers to the predic-
tion of the interpretable model for x;, and Q(g) stands for the regularization terms used to
minimize the complexity of the model g. Typically, the interpretable model g is regularized to
use a limited number of features, enhancing its comprehensibility. LIME is particularly ben-
eficial for models with a large number of parameters, providing valuable insights into their
behavior.

4 Experimentation

In our proposed extreme heat prediction model, we initially trained three deep learning mod-
els including ANN, CNN, and LSTM on the pre-processed XWeather dataset. The dataset was
split into 80% for training and 20% for testing. It contains a total of 1,450 data instances, span-
ning 5 years. We then applied XAI models, such as SHAP and LIME, to interpret these deep
learning models, extracting critical features essential for predicting extreme heat.

4.1 Hardware

The experimentations were conducted on an HP laptop having AMD Ryzen 5 PRO 4650U
processor with Radeon Graphics running at 2.10 GHz, 8.00 GB of RAM, and a 64-bit operat-
ing system (x64-based processor) with Windows 11 Pro. This hardware configuration effec-
tively met the computational requirements for the experiments.

4.2 Software

For this research we used open-source libraries and frameworks to implement and train the
deep learning models. Python’s extensive library ecosystem, including Matplotlib, Pandas,
NumPy, and Scikit-learn, facilitated data processing, model training, and evaluation. Ten-
sorFlow provided the core functionalities for building and training deep learning models.
Additionally, we used SHAP and LIME (including LimeTabularExplainer) to interpret model
predictions, extracting key features for a comprehensive understanding of the extreme heat
prediction models.

4.3 Hyperparameter tuning

To improve the accuracy of each deep learning model for extreme heat prediction, we
adjusted model-specific parameters such as the number of hidden layers, learning rate, and
regularization settings. Table 3 shows the values chosen for these parameters during training.
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4.4 ANN model training

In our proposed Extreme Heat Prediction Model, we utilized ANN consisting of three hidden
layers. The second hidden layer maintains 32 neurons, while the third layer integrates a sin-
gle neuron activated by a sigmoid function. This architecture was designed to balance model
complexity with computational efficiency. The model was optimized with a batch size of 32
during training over 50 epochs, achieving an accuracy of 89.1%. The training process was
completed in 20 epochs, ensuring effective model convergence while balancing training time.
Figs 8 and 9 is showing the training and validation loss and accuracy graphs below.

Table 3. Hyperparameter values for deep learning models.

Parameters Values
Layers Dense
Activation Function for all Layers ReLU
Activation Function for Output Layer Sigmoid
Total Epochs 50
Optimizer Adam
Batch Size 25
Learning Rate 0.001
https://doi.org/10.1371/journal.pone.0316367.t003
ANN Training and Validation Loss
0.46 1 =&~ Trawmeng Loss
-0~ Vakdation Loss
0.44 1
042+
0.40 1
-
3 oz
0.36 1
04
0324
25 50 5 100 12.5 150 17.5 200
Epoch

Fig 8. Training vs. validation loss of ANN model.

https://doi.org/10.1371/journal.pone.0316367.g008
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https://doi.org/10.1371/journal.pone.0316367.g009

4.5 CNN model training

The next model for predicting heat events is CNN. This model is also trained on XWeather
dataset with 1450 instances comprises a convolutional layer with 16 filters and ReLU activa-
tion function, followed by a max pooling layer for down-sampling. A flatten layer prepares
data for dense layers, leading into a 10-neuron dense layer with ReLU activation. For binary
classification, the final layer employs the Sigmoid function. Model training, using the Adam
optimizer, was conducted over 20 epochs with a batch size of 32. Figs 10 and 11 shows the
training and validation loss and accuracy graphs below.

4.6 LSTM model training

The third deep learning model in our proposed extreme heat prediction is LSTM. This model
is trained on our XWeather dataset consisting of 1450 instances with a batch size of 32. The
model utilized the softmax activation function and was optimized using the Adam optimizer.
A stopping criterion was implemented, halting training if accuracy failed to improve for 2
consecutive epochs. Over the course of 50 epochs, the model concluded its training in the
20th epoch, achieving an accuracy of 96.2%. The graphs in Figs 12 and 13 are depicting the
training and validation loss and accuracy.
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Fig 10. Training vs. validation loss of CNN model.

https://doi.org/10.1371/journal.pone.0316367.g010

In our experiments, ANN, CNN, and LSTM models performed well for extreme heat pre-
diction, but their black-box nature necessitated further investigation. To address this, we com-
bined XAI methods, allowing us to interpret model predictions and identify critical factors
influencing extreme heat predictions. This combination of deep learning and XAI improved
accuracy and interpretability, allowing us to better understand model behavior and make
more reliable predictions.

5 Results and discussions

In this study, the evaluation metrics for the deep learning (DL) models used to forecast
weather data were accuracy, mean absolute error (MAE), mean squared error (MSE), and
root mean squared error (RMSE). The differences between the three DL models are presented
in the model comparison table (see Fig 14 and Table 4). With the lowest mean square error,
lowest average mean square error, lowest root mean square error, and the highest accuracy
among all models, the LSTM model was determined to be the most effective. The next stage
involves using the LSTM model to predict extreme heat in the Lahore region based on a spe-
cific threshold. Subsequently, the most significant features in the XDL dataset were extracted
using Explainable AI (XAI) techniques.
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Fig 11. Training vs. validation accuracy of CNN model.

https://doi.org/10.1371/journal.pone.0316367.g011

5.1 Regional threshold for extreme heat prediction

It is crucial to set the regional threshold percentile in order to provide accurate and context-
specific weather predictions. For a given weather condition, this technique facilitate in risk
assessment. Additionally, regional percentile for heat event prediction aids in the decision-
making of meteorologists, decision-makers, and the general public. We determined the lead
time of 1-3 days, utilizing a 95th percentile threshold for forecasting the maximum tempera-
ture. In weather data, 95th percentile means 95% of maximum temperature values fall above
the threshold temperature. The calculated threshold temperature using XWeather dataset is
41 °C. Results (see Fig 15 and Table 5) after applying regional threshold to XWeather data are
as under;

5.2 Interpretability of DL Model using SHAP and LIME models

After obtaining predictions from the LSTM model, we utilized XAI techniques to enhance
the transparency of the black-box model. Fig 16 demonstrates the SHAP model’s operation
using XWeather data on LSTM model predictions. An overview of the results of the SHAP
values for the anticipated outcome based on five years of data is shown in Fig 17. The predic-
tion result was centered on the baseline, or SHAP value = 0.000. Correlated predictors would
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Fig 12. Training vs. validation loss of LSTM model.

https://doi.org/10.1371/journal.pone.0316367.g012

not show how individual predictors affect prediction capability due to the additive nature of
this characteristic [48].

Fig 17 illustrates the eleven parameters employed in locally interpretable framework i.e.,
LIME. Parameters crucial for making predictions, such as maximum temperature and humid-
ity at 1200 UTC, are highlighted in orange, whereas less significant parameters are marked in
blue.

The SHAP (see Fig 17) and LIME XAI (see Fig 18) models have revealed that humidity and
maximum temperature stand out as the most influential parameters for predicting extreme
heat events. By offering comprehensive and perceptive data, these two models” transparency
and interpretability highlight the most essential features of forecasting.

5.3 Comparison with previous studies

The comparison of extreme heat prediction methods in Table 6 illustrates the performance

and accuracy of various models and datasets. Study [49] uses the Integrated Surface Hourly
(ISH) dataset on a Graph Neural Network (GNN) model, achieving 94.1 accuracy, 58.5 pre-
cision, and 62.5 recall. However, this study does not highlight the important factors of their
dataset for predicting heatwaves. In Study [50], the Cheongju station (South Korea) dataset
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Fig 13. Training vs. validation accuracy of LSTM model.

https://doi.org/10.1371/journal.pone.0316367.g013

of maximum temperature is used for predicting heatwaves using three deep learning mod-
els: ANN, LSTM, and RNN. Evaluation metrics include RMSE and MAE, but this study did
not address lead time or the interpretability of the models. Study [51] employs the Weather
and Climate dataset on Decision Tree (DT), CNN, and LSTM models, achieving accuracies
0f 80.5, 90.41, and 92.31 respectively, with the LSTM model scoring the highest in both accu-
racy and recall. In contrast, the proposed work uses the eXplainable Weather Dataset on deep
learning models (ANN, CNN, and LSTM). The LSTM model scores the highest with short-
term prediction and lead time, while also providing interpretability through XAI, identifying
humidity and maximum temperature as the most important features for predicting extreme
heat.

6 Conclusion

In this study, we proposed a deep learning-based framework to predict extreme heat events,
using five years of XWeather data (2018-2022) for Lahore, collected from PMD. Among
the deep learning models evaluated, the LSTM model demonstrated superior performance,
achieving the lowest error and an accuracy of 96.2%. To enhance the interpretability of our
model, we applied Explainable AI (XAI) techniques, specifically SHAP and LIME, which
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Table 4. Comparison of models based on accuracy, MSE, MAE, and RMSE.

Model Accuracy MSE MAE RMSE
Train Test Train Test Train Test
ANN 89.1 0.1379 0.1340 0.1824 0.1617 0.3691 0.3661
LSTM 96.2 0.8100 0.0704 0.7990 0.0787 0.2712 0.2653
CNN 92.5 0.0889 0.0787 0.1087 0.1058 0.2884 0.2804
https://doi.org/10.1371/journal.pone.0316367.t004
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Fig 15. Comparison of actual and predicted heat events: a deep learning perspective.
https://doi.org/10.1371/journal.pone.0316367.9015
Table 5. Predicted extreme heat events and actual temperatures in Lahore.
Date Heat Event Prediction Extreme Heat Temperature (°C)
22/05/2023 1 432
23/05/2023 1 42.6
24/05/2023 1 41.7
23/06/2023 1 41.2
24/06/2023 1 41.5
25/06/2023 1 41.6

https://doi.org/10.1371/journal.pone.0316367.t1005

provided valuable insights into the variables influencing our predictions. Our XAl analy-
sis revealed that humidity and maximum temperature are the most critical factors driving
accurate heatwave predictions, increasing the model’s transparency and reliability.
Additionally, the use of regional percentiles, particularly the 95th percentile of maximum
temperature, was found to be an effective tool for decision-making in extreme heat forecast-
ing. For future improvements, we suggest incorporating data from desert regions like Al-Ahsa
in Saudi Arabia to strengthen the model’s performance. Further research should also focus
on improving the scalability of deep learning and XAI techniques to handle larger datasets
and diverse climate models. Incorporating additional data sources like satellite imagery and
social media could further enhance prediction accuracy, allowing for a more adaptable and
comprehensive model for various climatic conditions.
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Table 6. Results of different models on various datasets.

Paper Dataset Model Accu% |Preci% |Recall% RMSE |MSE MAE XAI Lead Acc on our
Time dataset
Peiyuan Li et |Integrated Graph Neu- |94.1 58.5 62.5 - - - X X 69.89
al. [49] Surface Hourly |ral Network
(ISH) (GNN)
Trang Thiet |Cheongju ANN - - - 2.425 - 1.917 X X 96.2 with
al. [50] station (South LSTM
Korea)
RNN - - - 2.442 - 1.945
LSTM - - - 2.429 - 1.945
Sarita Bvagar |Weather and |Decision  |80.5 86.5 89.23 - - - X 5days |96.2 with
etal. [51] Climate Tree (DT) LSTM
CNN 90.41 91.59 91.13 - - -
LSTM 92.31 90.81 96.41 - - -
Proposed Explainable CNN 92.5 90.21 89.86 0.2804 |0.0787 |0.1058 |/ 1-3 days |96.2 with
work Weather LSTM
Dataset
LSTM 96.2 91.20 93.29 0.2653  (0.0704 |0.0787

https://doi.org/10.1371/journal.pone.0316367.t006

PLOS ONE | https://doi.org/10.1371/journal.pone.0316367 March 20, 2025 22/ 26



https://doi.org/10.1371/journal.pone.0316367.g016
https://doi.org/10.1371/journal.pone.0316367.t006
https://doi.org/10.1371/journal.pone.0316367

PLOS ONE Heat prediction

SHAP Values for Prediction, Predicted Value: [0] High
I

Humidity 300UTC .
Max Temp
Pressure 300 UTC
Min Temp
Pressure 1200 UTC

Wind Speed 1200utc

Feature value

Wind Speed 300 UTC
Precipitation

Humidity 1200UTC

WD 1200 UTC_encoded
WD 300 UTC_encoded

Low

-0.005 0000  0.005  0.010
SHAP value (impact on model output)

Fig 17. Visualizing XAI SHAP model results for deep learning insight.
https://doi.org/10.1371/journal.pone.0316367.9017

Prediction peobabilites 0 1
wndity 1200UTC >
o I : 0
3500 < Max Temp <= ... _
. ) o1y Huansdaty 300UTC
na ‘Hﬂﬂ*}'}f-- Precipstation
Precipitation <= 0.00 Wind Speed 300 UTC
Wind Spesd 300 UTC... Pressure 1200 UTC
978.00 < Pressare 1200..
81.00 < Pressure 300 pil
008 WD 1200 UTC_encoded 6.00
Gim Tezzp > 28.00
.04
D 300 UTC_encode...
20l (

3.00<WD 1200 UTC_..

Fig 18. Visual representation of XAI LIME model results.
https://doi.org/10.1371/journal.pone.0316367.9018

PLOS ONE | https://doi.org/10.1371/journal.pone.0316367 March 20, 2025 23/ 26



https://doi.org/10.1371/journal.pone.0316367.g017
https://doi.org/10.1371/journal.pone.0316367.g018
https://doi.org/10.1371/journal.pone.0316367

PLOS ONE

Heat prediction

Author contributions

Conceptualization: Amna Zafar.

Data curation: Fatima Shafiq, Sajid Igbal.
Formal analysis: Fatima Shafiq.

Funding acquisition: Sajid Igbal, Abdulmohsen Saud Albesher, Muhammad Nabeel Asghar.

Investigation: Fatima Shafiq, Amna Zafar.

Methodology: Fatima Shafiq, Amna Zafar.

Project administration: Muhammad Usman Ghani Khan.

Resources: Muhammad Usman Ghani Khan, Sajid Iqbal, Muhammad Nabeel Asghar.

Supervision: Muhammad Usman Ghani Khan.

Writing - original draft: Fatima Shafiq.

Writing - review & editing: Sajid Igbal, Abdulmohsen Saud Albesher, Muhammad Nabeel

Asghar

References

1.

10.

1.

12.

13.

Campbell S, Remenyi TA, White CJ, Johnston FH. Heatwave and health impact research: a global
review. Health Place. 2018;53:210-8. https://doi.org/10.1016/j.healthplace.2018.08.017 PMID:
30189362

Park M, Jung D, Lee S, Park S. Heatwave damage prediction using random forest model in Korea.
Appl Sci. 2020;10(22):8237.

Perkins-Kirkpatrick SE, Gibson PB. Changes in regional heatwave characteristics as a function of
increasing global temperature. Sci Rep. 2017;7(1):12256.
https://doi.org/10.1038/s41598-017-12520-2 PMID: 28947762

Sajjad S, Batool R, Qadri S, Shirazi S, Shakrullah K. The long-term variability in minimum and
maximum temperature trends and heat island of Lahore city, Pakistan. Sci Int. 2015;27(2):1321-5.

Matsueda M. Predictability of Euro-Russian blocking in summer of 2010. Geophys Res Lett.
2011;38(6):1-5. hitps://doi.org/10.1029/2011GL046123

Zahid M, Rasul G. Changing trends of thermal extremes in Pakistan. Climatic Change.
2012;113(3—4):883-96. htips://doi.org/10.1007/s10584-011-0390-4

Juna S, Narejo S, Jawaid MM. Regional heatwave prediction using deep learning based recurrent
neural network. In: 2022 International Conference on Emerging Technologies in Electronics,
Computing and Communication (ICETECC). 2022. p. 1-5.
https://doi.org/10.1109/icetecc56662.2022.10069760

Nguyen D, Ashraf S, Le M, Ali M. Projection of climate variables by general circulation and deep
learning model for Lahore, Pakistan. Ecol Inf. 2023;75:102077.
https://doi.org/10.1016/j.ecoinf.2023.102077

Somani R. Global warming in Pakistan and its impact on public health as viewed through a health
equity lens. Int J Soc Determinants Health Health Serv. 2023;53(2):27551938231154467.
hitps://doi.org/10.1177/27551938231154467 PMID: 36734041

Abbas S, Waseem M, Yaseen M, Latif Y, Leta MK, Khan TH, et al. Spatial-temporal seasonal
variability of extreme precipitation under warming climate in Pakistan. Atmosphere. 2023;14(2):210.
https://doi.org/10.3390/atmos 14020210

O’Brien-Delpesh C, Sinanan N, Martin H, Chadee A. Preserving fragile ecosystems from oil spills —
an environmental sensitivity assessment of the east coast of Trinidad. Ocean Coastal Manag.
2022;230:106374. https://doi.org/10.1016/j.ocecoaman.2022.106374

Al-Bouwarthan M, Quinn MM, Kriebel D, Wegman DH. Risk of kidney injury among construction
workers exposed to heat stress: a longitudinal study from Saudi Arabia. Int J Environ Res Public
Health. 2020;17(11):3775. https://doi.org/10.3390/ijerph17113775 PMID: 32466510

Hewage P, Trovati M, Pereira E, Behera A. Deep learning-based effective fine-grained weather
forecasting model. Pattern Anal Appl. 2020;24(1):343—-66.
https://doi.org/10.1007/s10044-020-00898-1

PLOS ONE | https://doi.org/10.1371/journal.pone.0316367 March 20, 2025 24/ 26



https://doi.org/10.1016/j.healthplace.2018.08.017
http://www.ncbi.nlm.nih.gov/pubmed/30189362
https://doi.org/10.1038/s41598-017-12520-2
http://www.ncbi.nlm.nih.gov/pubmed/28947762
https://doi.org/10.1029/2011GL046123
https://doi.org/10.1007/s10584-011-0390-4
https://doi.org/10.1109/icetecc56662.2022.10069760
https://doi.org/10.1016/j.ecoinf.2023.102077
https://doi.org/10.1177/27551938231154467
http://www.ncbi.nlm.nih.gov/pubmed/36734041
https://doi.org/10.3390/atmos14020210
https://doi.org/10.1016/j.ocecoaman.2022.106374
https://doi.org/10.3390/ijerph17113775
http://www.ncbi.nlm.nih.gov/pubmed/32466510
https://doi.org/10.1007/s10044-020-00898-1
https://doi.org/10.1371/journal.pone.0316367

PLOS ONE

Heat prediction

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Mi Y. Daily temperature prediction exploiting linear regression and LSTM-based model.
Proceedings of the International Conference on Computer Vision, Application, and Algorithm (CVAA
2022). 2023. p. 293-302.

Suleman MAR, Shridevi S. Short-term weather forecasting using spatial feature attention based
LSTM model. IEEE Access. 2022;10:82456—68. https://doi.org/10.1109/access.2022.3196381

Kreuzer D, Munz M, Schllter S. Short-term temperature forecasts using a convolutional neural
network—an application to different weather stations in Germany. Mach Learn Appl.
2020;2:100007.

Dikshit A, Pradhan B. Interpretable and explainable Al (XAl) model for spatial drought prediction.
Sci Total Environ. 2021;801:149797. https://doi.org/10.1016/j.scitotenv.2021.149797 PMID:
34467917

Rahayu |, Djamal E, llyas R, Bon A. Daily temperature prediction using recurrent neural networks
and long-short term memory. Proceedings of the International Conference on Industrial Engineering
and Operations Management. 2020. p. 2700-9.

Khan N, Shahid S, Ismail T, Behlil F. Prediction of heat waves over Pakistan using support vector
machine algorithm in the context of climate change. Stochastic Environ Res Risk Assessm.
2021;35(7):1335-53.

Perera A, Mudannayake S, Azamathulla H, Rathnayake U. Recent climatic trends in Trinidad and
Tobago, West Indies. Asia-Pac J Sci Technol. 2020;25(2):1-11.

Jacques-Dumas V, Ragone F, Borgnat P, Abry P, Bouchet F. Deep learning-based extreme
heatwave forecast. Frontiers in Climate. 2022;4.

Weirich-Benet E, Pyrina M, Jimenez-Esteve B, Fraenkel E, Cohen J, Domeisen D. Subseasonal
prediction of central European summer heatwaves with linear and random forest machine learning
models. Artif Intell Earth Syst. 2023 Apr;2(2):e220038.

Asadollah SBH, Khan N, Sharafati A, Shahid S, Chung E, Wang X. Prediction of heat waves using
meteorological variables in diverse regions of Iran with advanced machine learning models. Stoch
Environ Res Risk Assess. 2022 May;1-16.

Azamathulla HMd, Rathnayake U, Shatnawi A. Gene expression programming and artificial neural
network to estimate atmospheric temperature in Tabuk, Saudi Arabia. Appl Water Sci.
2018;8(6):1—7. hitps://doi.org/10.1007/s13201-018-0831-6

Lopez-Gomez I, McGovern A, Agrawal S, Hickey J. Global extreme heat forecasting using neural
weather models. Artif Intell Earth Syst. 2023;2(1):e220035. hitps://doi.org/10.1175/aies-d-22-0035.1

van Straaten C, Whan K, Coumou D, van den Hurk B, Schmeits M. Using explainable machine
learning forecasts to discover subseasonal drivers of high summer temperatures in Western and
Central Europe. Monthly Weather Rev. 2022;150(5):1115-34.
https://doi.org/10.1175/mwr-d-21-0201.1

Narkhede N, Chattopadhyay R, Lekshmi S, Guhathakurta P, Kumar N, Mohapatra M. An empirical
model-based framework for operational monitoring and prediction of heatwaves based on
temperature data. Model Earth Syst Environ. 2022;8(4):5665-82
https://doi.org/10.1007/s40808-022-01450-2

Lundberg S, Lee S. A unified approach to interpreting model predictions. Adv Neural Inf Process
Syst. 2017;30.

Zahabiyoun B, Goodarzi MR, Bavani ARM, Azamathulla HM. Assessment of climate change impact
on the Gharesou river basin using SWAT hydrological model. CLEAN Soil Air Water.
2013;41(6):601-9. https://doi.org/10.1002/clen.201100652

Khan N, Shahid S, Juneng L, Ahmed K, Ismail T, Nawaz N. Prediction of heat waves in Pakistan
using quantile regression forests. Atmosph Res. 2019;221:1-11.

Chattopadhyay A, Nabizadeh E, Hassanzadeh P. Analog forecasting of extreme-causing weather
patterns using deep learning. J Adv Model Earth Syst. 2020;12(2):e2019MS001958.
https://doi.org/10.1029/2019MS001958 PMID: 32714491

Ullah S, You Q, Ullah W, Hagan D, Ali A, Ali G, et al. Daytime and nighttime heat wave
characteristics based on multiple indices over the China—Pakistan economic corridor. Climate
Dynamics. 2019;53(12):6329—-49.

O’Brien-Delpesh C, Sinanan N, Martin H, Chadee A. Preserving fragile ecosystems from oil spills —
an environmental sensitivity assessment of the east coast of Trinidad. Ocean Coastal Manag.
2022;230:106374. https://doi.org/10.1016/j.ocecoaman.2022.106374

Perera A, Mudannayake S, Azamathulla H, Rathnayake U. Recent climatic trends in Trinidad and
Tobago, West Indies. Asia-Pac J Sci Technol. 2020;25(2):1-11.

Ranasinghe RSS, Kulasooriya WKVJB, Perera US, Ekanayake U, Meddage DPP, Mohotti D, et al.
Eco-friendly mix design of slag-ash-based geopolymer concrete using explainable deep learning.
Results Eng. 2024;23:102503. https://doi.org/10.1016/j.rineng.2024.102503

PLOS ONE | https://doi.org/10.1371/journal.pone.0316367 March 20, 2025 25/ 26



https://doi.org/10.1109/access.2022.3196381
https://doi.org/10.1016/j.scitotenv.2021.149797
http://www.ncbi.nlm.nih.gov/pubmed/34467917
https://doi.org/10.1007/s13201-018-0831-6
https://doi.org/10.1175/aies-d-22-0035.1
https://doi.org/10.1175/mwr-d-21-0201.1
https://doi.org/10.1007/s40808-022-01450-2
https://doi.org/10.1002/clen.201100652
https://doi.org/10.1029/2019MS001958
http://www.ncbi.nlm.nih.gov/pubmed/32714491
https://doi.org/10.1016/j.ocecoaman.2022.106374
https://doi.org/10.1016/j.rineng.2024.102503
https://doi.org/10.1371/journal.pone.0316367

PLOS ONE

Heat prediction

36.

37.

38.

39.

40.

41.

42.

43.

44.
45.

46.

47.

48.

49.

50.

51.

52.

Perera UAKK, Coralage DTS, Ekanayake 1U, Alawatugoda J, Meddage DPP. A new frontier in
streamflow modeling in ungauged basins with sparse data: a modified generative adversarial
network with explainable Al. Results Eng. 2024;21:101920.
https://doi.org/10.1016/j.rineng.2024.101920

Wimalagunarathna ND, Dharmarathne G, Ekanayake IU, Rathanayake U, Alwatugoda J, Meddage
DPP. Effect of endogenous and anthropogenic factors on the alkalinisation and salinisation of
freshwater in United States by using explainable machine learning. Case Stud Chem Environ Eng.
2024;10:100919. https://doi.org/10.1016/j.cscee.2024.100919

Ukwaththa J, Herath S, Meddage DPP. A review of machine learning (ML) and explainable artificial
intelligence (XAIl) methods in additive manufacturing (3D Printing). Mater Today Commun.
2024;41:110294. hitps://doi.org/10.1016/|.mtcomm.2024.110294

Ranasinghe RSS, Kulasooriya WKVJB, Perera US, Ekanayake U, Meddage DPP, Mohotti D, et al.
Eco-friendly mix design of slag-ash-based geopolymer concrete using explainable deep learning.
Results Eng. 2024;23:102503. https://doi.org/10.1016/j.rineng.2024.102503

Clare MCA, Jamil O, Morcrette CJ. Combining distribution-based neural networks to predict weather
forecast probabilities. Quart J Royal Meteoro Soc. 2021;147(741):4337-57.
https://doi.org/10.1002/gj.4180

Lundberg S, Lee S. A unified approach to interpreting model predictions. Adv Neural Inf Process
Syst. 2017 Dec;30.

Wimalagunarathna ND, Dharmarathne G, Ekanayake IU, Rathanayake U, Alwatugoda J, Meddage
DPP. Effect of endogenous and anthropogenic factors on the alkalinisation and salinisation of
freshwater in United States by using explainable machine learning. Case Stud Chem Environ Eng.
2024;10:100919. https://doi.org/10.1016/j.cscee.2024.100919

Mardian J, Champagne C, Bonsal B, Berg A. Understanding the drivers of drought onset and
intensification in the Canadian prairies: insights from explainable artificial intelligence (XAl). J
Hydrometeorol. 2023;24(11):2035-55.

Dikshit A, Pradhan B. Explainable Al in drought forecasting. Mach Learn Appl. 2021;6:100192.

Shim SW, Lee DH, Roh JH, Park JB. A machine learning-based algorithm for short-term SMP
forecasting using 2-step method.

Perera UAKK, Coralage DTS, Ekanayake 1U, Alawatugoda J, Meddage DPP. A new frontier in
streamflow modeling in ungauged basins with sparse data: a modified generative adversarial
network with explainable Al. Results Eng. 2024;21:101920.
https://doi.org/10.1016/j.rineng.2024.101920

Vimbi V, Shaffi N, Mahmud M. Interpreting artificial intelligence models: a systematic review on the
application of LIME and SHAP in Alzheimer’s disease detection. Brain Inform. 2024;11(1):10.
https://doi.org/10.1186/s40708-024-00222-1 PMID: 38578524

Dikshit A, Pradhan B. Interpretable and explainable Al (XAl) model for spatial drought prediction.
Sci Total Environ. 2021;801:149797. https://doi.org/10.1016/j.scitotenv.2021.149797 PMID:
34467917

Biatek J, Bujalski W, Wojdan K, Guzek M, Kurek T. Dataset level explanation of heat demand
forecasting ANN with SHAP. Energy. 2022;261125075.
https://doi.org/10.1016/j.energy.2022.125075

Li P, Yu Y, Huang D, Wang Z, Sharma A. Regional heatwave prediction using graph neural network
and weather station data. Geophys Res Lett. 2023;50(7):€2023g1103405.
https://doi.org/10.1029/2023g1103405

Tran TTK, Lee T, Shin J-Y, Kim J-S, Kamruzzaman MJA. Deep learning-based maximum
temperature forecasting assisted with meta-learning for hyperparameter optimization. Appl Sci.
2020;11(5):487

Byagar S. Heat wave prediction using recurrent neural networks based on deep learning. Int J Adv
Comput Sci Appl. 2024;12(1s):612-9.

PLOS ONE | https://doi.org/10.1371/journal.pone.0316367 March 20, 2025 26/ 26



https://doi.org/10.1016/j.rineng.2024.101920
https://doi.org/10.1016/j.cscee.2024.100919
https://doi.org/10.1016/j.mtcomm.2024.110294
https://doi.org/10.1016/j.rineng.2024.102503
https://doi.org/10.1002/qj.4180
https://doi.org/10.1016/j.cscee.2024.100919
https://doi.org/10.1016/j.rineng.2024.101920
https://doi.org/10.1186/s40708-024-00222-1
http://www.ncbi.nlm.nih.gov/pubmed/38578524
https://doi.org/10.1016/j.scitotenv.2021.149797
http://www.ncbi.nlm.nih.gov/pubmed/34467917
https://doi.org/10.1016/j.energy.2022.125075
https://doi.org/10.1029/2023gl103405
https://doi.org/10.1371/journal.pone.0316367

	Extreme heat prediction through deep learning and explainable AI
	Introduction
	Literature review
	Proposed methodology
	Dataset details
	Preprocessing

	Deep learning model development
	ANN model
	CNN model
	LSTM model

	Explainable AI
	SHAP
	LIME


	Experimentation
	Hardware
	Software
	Hyperparameter tuning
	ANN model training
	CNN model training
	LSTM model training

	Results and discussions
	Regional threshold for extreme heat prediction
	Interpretability of DL Model using SHAP and LIME models
	Comparison with previous studies

	Conclusion
	References




