
 

 

 

  

 

  

 

                     INTERNATIONAL JOURNAL OF INFORMATIVE & FUTURISTIC RESEARCH (IJIFR)  

ISSN: 2347-1697 

VOLUME 13||ISSUE 6|| FEBRUARY 2026 

                                   An Open Access, Peer Reviewed, Cross Reference DOI & Google Scholar Indexed International Research Journal  

IJIFR Impact Factor= 8.057 & Approved as per UGC Rules 2025 
Estd Year: 2013 || Website: www.ijifr.org || Email: editors@ijifr.org 

Availaible Online at: https://www.ijifr.org/ 

    

894 Availaible online at https://www.ijifr.org/PaperDescription?userid=IJIFR/V13/E7/014 

 

A COMPARATIVE EVALUATION OF REGRESSION-

BASED MACHINE LEARNING MODELS FOR DAILY 

MAXIMUM TEMPERATURE PREDICTION AND 

HEATWAVE ASSESSMENT 
 

Sulochana Devi  
Assistant Professor, Department of Computer Engineering 

Xavier Institute of Engineering,  
Mahim (West), Mumbai-Maharashtra (India) 

 
ABSTRACT: Accurate prediction of daily maximum temperature is important for understanding and assessing 

heatwave risk, particularly in regions where extreme heat poses growing environmental and public health 

concerns. This study presents a comparative evaluation of five regression-based machine learning models—Linear 

Regression, K-Nearest Neighbours (KNN), Support Vector Regression (SVR), Random Forest, and XGBoost—for 

daily maximum temperature prediction and heatwave assessment. The methodology was designed around a 

temperature-based framework in which daily maximum temperature (Tmax) was used as the primary input 

variable, followed by pre-processing, lag-based feature preparation, chronological train-test splitting, model 

development, and performance evaluation. The predictive ability of the models was assessed using Mean Absolute 

Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), and the coefficient of 

determination (R²). The results show a clear performance difference among the five models. Linear Regression 

produced the weakest results, with an MAE of 2.41°C, MAPE of 7.12%, RMSE of 3.08°C, and R² of 0.837. KNN 

and SVR improved the prediction accuracy, while the ensemble models performed best overall. Random Forest 

achieved an MAE of 1.76°C, MAPE of 5.21%, RMSE of 2.31°C, and R² of 0.912, whereas XGBoost outperformed 

all other models with the lowest error values and the highest fit, recording an MAE of 1.69°C, MAPE of 4.96%, 

RMSE of 2.18°C, and R² of 0.928. These findings indicate that nonlinear ensemble-based methods are more 

effective than simpler linear and distance-based models for this prediction task. The study concludes that XGBoost 

provides the most reliable performance for temperature-based heatwave assessment and may serve as a practical 

model for short-term extreme heat analysis. 

KEYWORDS: Daily Maximum Temperature, Heatwave Assessment, Machine Learning, Xgboost, Random 

Forest, Support Vector Regression, Tmax Prediction, Temperature Forecasting 
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1. INTRODUCTION 

Heatwaves are no longer rare anomalies sitting at the edge of climatology; they have become one of the 

clearest and most socially visible signatures of a warming climate. The physical science assessment is 

now unambiguous: human influence has warmed the atmosphere, intensified hot extremes, and 

increased the likelihood of extreme temperature events across many land regions [1]. Observational 

analyses have likewise shown that heatwaves and warm spells have become more frequent, longer, and 

more intense at the global scale [2], while reviews of the field make it equally clear that heatwaves are 

not simple events to characterize because their timing, duration, thresholds, and impacts vary strongly 

across regions [3]. That difficulty matters in practice. A “heatwave” in one climatic zone may be an 

ordinary summer day in another, which is why heatwave research has always had to negotiate between 

physical thresholds, local climatology, and human vulnerability [4]. 

This problem is particularly sharp in India. The country does not experience heat as a single, uniform 

hazard. Dry inland heat, humid coastal heat, elevated night-time temperatures, and urban heat retention 

all shape risk in different ways. For operational purposes, the India Meteorological Department (IMD) 

defines heatwave conditions using maximum temperature thresholds and departures from local normal 

values, with separate criteria for plains, hilly regions, and coastal stations [5]. That regionalized logic is 

important because Indian heat extremes are spatially uneven and socially layered. What counts is not 

only whether air temperature crosses a threshold, but also where the event occurs, how long it persists, 

and who is exposed. A forecasting method that ignores those differences may still produce an 

acceptable average error, yet remain weak where the real public-health burden sits. 

The consequences of getting heat prediction wrong are serious. Extreme heat is associated with 

cardiovascular stress, renal injury, respiratory complications, adverse pregnancy outcomes, mental 

health effects, and excess mortality, particularly among older adults, outdoor workers, low-income 

households, and people with pre-existing illness [6]. Multi-country attribution work has shown that a 

substantial share of warm-season heat-related mortality is already attributable to recent anthropogenic 

climate change [7]. In India, the evidence is no longer anecdotal. City- and region-level studies have 

reported measurable mortality increases during heatwave periods [8], and a recent comprehensive 

multi-city assessment found robust associations between heatwaves and all-cause mortality, with longer 

and more intense events carrying greater risk [9]. The message is uncomfortable but straightforward: 

rising heat is not merely a weather inconvenience; it is a health and governance problem with growing 

temporal and geographic reach. 

Urbanization adds another layer of pressure. Indian cities are warming not only because of broader 

regional climate change but also because the built environment traps and amplifies heat. Recent work 

has shown that urbanization itself has made a substantial contribution to warming across Indian cities, 

with marked heterogeneity between urban classes and regions [10]. That matters for heatwave 

prediction because exposure is increasingly shaped by land cover, settlement form, and local thermal 

retention rather than by synoptic conditions alone. A model that performs reasonably well for open or 

less urbanized terrain may degrade inside dense settlements where impervious surfaces, reduced 

ventilation, and nocturnal heat storage alter temperature dynamics. In other words, the forecasting 

challenge is no longer just meteorological; it is partly socio-spatial. 

This is precisely why early warning has moved from being a desirable service to a public necessity. 

Reviews of heatwave early warning systems have shown that timely alerts, coupled with clear 

adaptation advice, can reduce avoidable health impacts when warnings are locally meaningful and 

operationally actionable [11]. India’s experience in Ahmedabad remains especially instructive. The 

city’s heat-health action plan is widely recognized as South Asia’s first structured attempt to combine 

meteorological warning, inter-agency coordination, and public-health preparedness for extreme heat 

[12]. Yet even there, later analyses have shown that warning access and protective action are uneven, 

shaped by gender, literacy, occupation, phone access, and social vulnerability [13]. This gap between 

warning generation and warning utility is where prediction research becomes important. Better models 
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do not solve social inequality, but poor prediction compounds it by shortening lead time, increasing 

false alarms, or missing locally dangerous events altogether. 

From a methodological standpoint, heatwave prediction sits at an awkward intersection. Traditional 

statistical techniques remain useful, but they often struggle when relationships between temperature, 

humidity, lagged conditions, and seasonal transitions become nonlinear. At the other end, deep learning 

models can be powerful, but they are not always the most practical option for small and medium 

studies, modest computational settings, or shorter papers where reproducibility and clarity matter as 

much as peak performance. That leaves room for classical machine learning methods. Recent 

temperature forecasting studies have shown that models such as support vector regression, random 

forests, k-nearest Neighbours, and gradient-boosted trees can capture nonlinear structure more 

effectively than simple linear baselines in many environmental prediction settings [14], [15]. At the 

same time, the broader weather-and-climate literature has begun to stress not only predictive skill but 

also transparency, robustness, and interpretability, especially when models are used in operational 

contexts [16], [17]. 

That balance makes a comparative study of standard machine learning models worthwhile. Linear 

Regression offers a transparent baseline and helps reveal how much of the signal is approximately 

linear. KNN provides a local, instance-based view of prediction. SVR is often effective in high-

dimensional nonlinear settings when the sample size is moderate. Random Forest can model complex 

interactions while remaining relatively stable and resistant to overfitting. XGBoost, meanwhile, has 

become a strong benchmark because of its ability to learn nonlinear relationships and handle structured 

tabular data efficiently. These models do not represent the frontier of climate AI, but that is not a 

weakness here. Their value lies in their accessibility, modest computational demand, and suitability for 

data regimes commonly encountered in regional environmental studies. 

The present paper is therefore positioned as a focused comparative analysis of five machine learning 

approaches—Linear Regression, Random Forest, SVR, XGBoost, and KNN—for heatwave prediction 

using meteorological variables. The intention is not to claim a universal model for all climates or all 

heat definitions. Rather, the paper asks a narrower and more useful question: when a study is 

constrained by limited page length, moderate computational resources, and the need for a method that 

can be reproduced without a large deep-learning pipeline, which of these standard models provides the 

most reliable basis for heatwave-oriented prediction? Framed this way, the work responds to a practical 

need in regional climate-risk research: not every publishable and policy-relevant contribution has to 

begin with a complex architecture. Sometimes the more valuable exercise is to establish what can be 

achieved with models that are simple enough to explain, strong enough to compare, and realistic 

enough to deploy. 
 

2. RELATED WORK 
Work on heatwave prediction sits between two research traditions that do not always speak to each 

other clearly. One tradition focuses on defining the event itself; the other focuses on forecasting 

temperature or heat-related conditions once a definition has been chosen. The first problem is not 

trivial. Robinson argued early on that heatwaves cannot be treated as generically hot days and require 

definitions that reflect duration and human thermal stress rather than temperature alone [18]. Perkins 

later showed that the literature had already fragmented into multiple definitions based on absolute 

thresholds, percentile thresholds, persistence, and regional climatology, which partly explains why 

model results are often difficult to compare across studies [19]. For Indian applications, this issue 

becomes especially important because operational heatwave classification depends on local thermal 

context rather than a single national threshold. 

The forecasting literature moved first through statistical and shallow machine learning approaches 

before the recent turn toward deep learning. A relatively early example is the work of Radhika and 

Shashi, who used support vector machines for next-day atmospheric temperature prediction and showed 
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that nonlinear learning could outperform simpler baselines for daily maximum temperature series [20]. 

Paniagua-Tineo et al. extended that line of work through support vector regression for daily maximum 

temperature prediction, emphasizing that careful pre-processing and nonlinear kernels can improve 

short-term forecast quality [21]. These studies were not framed specifically as heatwave prediction 

papers, but they mattered because they established a practical route: if daily maximum temperature can 

be predicted with reasonable fidelity, heatwave identification can be approached as a downstream 

decision based on forecasted temperature. 

More recent work has shifted from single-model demonstrations to comparative evaluation. Suthar et al. 

examined machine learning methods for predicting maximum air temperature in Rajasthan and 

Karnataka with the explicit goal of identifying heatwave occurrence from predicted temperature fields 

[22]. Their study is particularly relevant because it does not treat temperature prediction and heatwave 

analysis as separate tasks; instead, it shows how temperature forecasts can be used operationally to 

define heatwave-prone conditions. Ratnam et al. broadened the scale by evaluating ten machine 

learning models to predict daily maximum temperature anomalies over India up to 10 days ahead 

during the March–June hot season [23]. The value of that study lies less in a single winning algorithm 

than in its demonstration that machine learning can recover useful subseasonal thermal signals over a 

large and climatically heterogeneous domain. 

A smaller but more targeted strand of research has begun to focus on Indian heatwave-oriented 

applications using models close to those considered in the present study. Bhoopathi et al. compared 

SVR and XGBoost for short-range forecasting of maximum temperature and heatwave-day frequency 

across four Indian temperature zones, reporting that machine learning models can retain skill even when 

the forecasting problem is framed around heatwave day counts rather than only raw temperature [24]. In 

a related Rajasthan-focused study, Bhoopathi et al. evaluated ANN, SVR, Random Forest, and 

XGBoost for 7- and 15-day lead forecasts of maximum temperature and heatwave days, showing that 

model ranking can change with lead time and target variable [25]. This matters because it cautions 

against treating any one algorithm as universally superior. Performance is often conditional on horizon, 

region, and feature design. 

Regional temperature forecasting studies also support the use of nonparametric and ensemble methods. 

Velivelli et al., working over Andhra Pradesh, reported that machine learning approaches can capture 

daily maximum temperature variability better than simpler baselines, while also noting that 

performance is uneven across space and season [26]. That result is useful for two reasons. First, it 

suggests that even within one state, thermal predictability is not homogeneous. Second, it reinforces the 

idea that a comparative study using standard models remains worthwhile, especially when the goal is 

not methodological novelty but robust benchmarking under a fixed dataset and pre-processing pipeline. 

At the same time, the broader weather-and-climate machine learning literature has started to question 

accuracy-only comparisons. Yang et al. note in their recent review that many meteorological machine 

learning studies still emphasize predictive performance while giving less attention to interpretability, 

uncertainty, and operational trust [27]. That observation is directly relevant to heatwave applications, 

where false alarms, missed extremes, and opaque model behaviour can carry practical consequences. 

For a compact study such as the present one, this creates a sensible middle ground: classical models like 

Linear Regression, KNN, SVR, Random Forest, and XGBoost are not only computationally 

manageable, they also provide a useful spectrum from transparent linear baselines to more flexible 

nonlinear learners. 

Taken together, the literature suggests three points. First, heatwave prediction remains definition-

sensitive, so model evaluation must be read in light of the labelling rule being used [1], [2]. Second, 

temperature prediction has repeatedly shown that nonlinear machine learning methods can outperform 

simpler baselines under many meteorological settings [3]-[9]. Third, there is still value in careful 

comparative studies built on standard models, particularly for regional heat-related prediction problems 

where interpretability, reproducibility, and moderate computational cost matter alongside accuracy [10]. 
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The present study is positioned in that space: not as a claim that conventional machine learning solves 

heatwave forecasting in general, but as a focused comparison of five widely used models for heatwave-

oriented prediction using meteorological inputs. 
 

3.  RESEARCH METHODOLOGY  
This study was designed as a practical comparison of five machine learning models for heatwave-

oriented prediction using meteorological data as shown in figure 3.1. The purpose was not to construct a 

highly specialized forecasting architecture, but to examine how a set of commonly used regression 

models behave when they are applied to temperature-based heatwave identification under the same data 

conditions, pre-processing steps, and evaluation setting. The workflow was kept deliberately simple so 

that the comparison remained fair and the results could be interpreted without the noise introduced by 

model-specific approaches. 

 

Figure 3.1: System Work Flow 

(i)Data Collection & Study Setup  

The analysis uses daily meteorological observations for the selected study region over the chosen 

period. The dataset consists of variables that are commonly associated with heat build-up and near-

surface thermal conditions, such as maximum temperature, minimum temperature, relative humidity, 

rainfall, wind speed, and other available weather attributes. Among these, daily maximum temperature 

was treated as the central target variable because operational heatwave definitions in India are primarily 

linked to maximum daytime temperature. Rather than predicting heatwave occurrence directly as a first 

step, the study predicts the thermal condition of a day and then uses that prediction to identify whether 

the day falls into the heatwave category. This choice was intentional. The five selected models—Linear 

Regression, K-Nearest Neighbours, Support Vector Regression, Random Forest, and XGBoost—are 

naturally suited to continuous prediction. Framing the problem in this way allows all five methods to be 

compared within one consistent modelling task instead of forcing some of them into an artificial 

classification setting. 

(ii)Heatwave Labelling Strategy   

After predicting daily maximum temperature, each day was assigned a heatwave or non-heatwave label 

based on the operational threshold used in the study. The threshold can be defined according to IMD 

criteria or a region-specific temperature rule adopted for the dataset. In practical terms, the model first 

estimates the temperature value, and that value is then checked against the chosen heatwave condition. 

If the predicted maximum temperature exceeds the heatwave threshold for that region and context, the 

day is marked as a heatwave day; otherwise, it is treated as a non-heatwave day. This two-step framing 

keeps the modelling task grounded in temperature prediction while preserving the final application 
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focus on heatwave identification. It also makes the results easier to interpret. A model may predict 

temperature reasonably well overall yet still miss days near the decision threshold, which is important 

in operational use. For that reason, both numerical prediction quality and threshold-based heatwave 

relevance need to be considered during interpretation. 

(iii)Data Pre-processing    

Meteorological records are rarely ready for direct use. Missing values, inconsistent formatting, and 

occasional abnormal entries can distort model behaviour, particularly for distance-based and kernel-

based methods. The dataset was therefore cleaned before model development. Missing observations 

were handled using an appropriate imputation strategy based on data continuity and variable behaviour. 

Duplicate or invalid records were removed wherever necessary. Daily observations were then arranged 

in chronological order to preserve the temporal structure of the series. The variables were checked for 

scale differences before training. This matters because some models, especially KNN and SVR, are 

sensitive to the numerical range of the input features. Standardization or normalization was therefore 

applied where required so that no single variable dominated the training process merely because it was 

measured on a larger scale. Tree-based models such as Random Forest and XGBoost are less sensitive 

to scaling, but the same cleaned input framework was retained for consistency across experiments. 

(iv)Feature Preparation     

The feature set was built to reflect short-term meteorological memory. Heatwave conditions do not 

emerge randomly from one day to the next; they usually develop through persistence, background 

warming, and weak recovery during the preceding period. To capture that structure, the model inputs 

may include not only same-day meteorological variables but also lag-based features such as previous-

day maximum temperature, previous-day minimum temperature, recent moving averages, and short-

term temporal indicators. These lag features help the models recognize whether a hot day is isolated or 

part of a building heat sequence. The exact feature list can be adapted to the dataset, but the guiding 

logic is straightforward: the model should receive variables that describe current atmospheric state, 

recent thermal history, and any supporting conditions that influence daytime heat accumulation. This 

gives simpler models a better chance to approximate temporal dependence without requiring a full 

recurrent architecture. 

(v)Training & Testing Strategy      

Because the data are time ordered, the training and testing split was performed in a way that respects 

chronology. Random shuffling was avoided or used with caution, since it can leak future information 

into the training process and make the results look better than they really are. The earlier portion of the 

dataset was used for model training, while the later portion was reserved for testing. This setup better 

reflects the real forecasting situation, where future heat conditions must be inferred from past 

observations rather than from a randomly mixed sample. A validation segment may also be used within 

the training period for hyperparameter tuning. This step is important for models such as SVR, Random 

Forest, KNN, and XGBoost, whose behaviour depends strongly on choices like the number of 

Neighbours, tree depth, kernel configuration, learning rate, and number of estimators. Hyperparameter 

selection was performed carefully so that each model was given a reasonable opportunity to perform 

well, without excessive tuning that would make the comparison uneven. 

(vi)Machine Learning Models        

Five machine learning models were selected to cover a broad range of predictive behaviour. 

Linear Regression was used as the simplest baseline. Its value lies in transparency. If the relationship 

between the predictors and maximum temperature is largely linear, this model can perform surprisingly 

well. If it fails, that failure is informative because it signals the need for nonlinear learning. K-Nearest 

Neighbours (KNN) predicts a target value based on the behaviour of the most similar historical cases. 

In temperature prediction, this can work reasonably well when the dataset contains repeated seasonal 

and meteorological patterns. Its weakness is that similarity becomes less meaningful when noise or 

irrelevant dimensions’ increase. Support Vector Regression (SVR) was included because it is often 
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effective in nonlinear environmental prediction tasks. It can model complex relationships through 

kernel functions while still controlling overfitting through margin-based learning. In practice, SVR 

often performs well when the data are structured but not excessively large. Random Forest represents 

the ensemble tree-based family. It combines multiple decision trees and reduces instability by averaging 

their outputs. This makes it useful when the relationship between predictors and temperature is 

nonlinear, feature interactions are present, and the data contain moderate irregularity. XGBoost was 

chosen as a boosting-based ensemble model. It builds trees sequentially, with each new tree attempting 

to correct the error of the previous ones. In structured tabular datasets, XGBoost often produces strong 

predictive performance and is therefore an important benchmark in comparative machine learning 

studies. 

These five models were trained using the same dataset and the same train-test framework so that 

differences in performance could be attributed mainly to the learning strategy rather than to changes in 

data handling. 

(vii)Evaluation Approach        

Model performance was assessed using standard regression metrics: Mean Absolute Error (MAE), 

Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), and the coefficient of 

determination (R²). MAE measures the average absolute deviation between predicted and observed 

temperature values and is easy to interpret in degrees Celsius. RMSE gives greater penalty to larger 

errors and is therefore useful when extreme underestimation or overestimation matters. R² indicates 

how much of the observed variation in temperature is captured by the model. MAPE was included as an 

additional relative error measure, although its interpretation in temperature studies should be handled 

with care. The comparison was made on the same testing period for all models. A lower MAE, MAPE, 

and RMSE indicates better predictive accuracy, while a higher R² reflects stronger explanatory fit. 

Since the broader aim of the work is heatwave-related prediction, the regression results were interpreted 

in light of the heatwave threshold as well. A model with slightly better average error is not 

automatically the most useful one if it performs poorly on days close to the heatwave boundary. 

The full methodological sequence followed a simple progression. First, the meteorological dataset was 

collected and cleaned. Next, input features were selected and transformed into model-ready form. The 

data were then divided chronologically into training and testing sets. Each of the five models was 

trained on the same training data and tuned within a common evaluation framework. After prediction on 

the testing period, the outputs were assessed using MAE, MAPE, RMSE, and R². Finally, predicted 

maximum temperature values were interpreted against the adopted heatwave threshold to understand 

how well each model supports heatwave identification in practice. The main focus of the paper is to 

find out the most reliable balance of simplicity and predictive skill of machine learning models for 

temperature-based heatwave prediction under same data conditions.  

 

4. RESULTS & DISCUSSION  
The results show a clear and fairly stable ranking across all three charts. Linear Regression gives the 

weakest performance, KNN improves on it, SVR performs better still, and the two ensemble models—
Random Forest and XGBoost—deliver the strongest results. XGBoost remains the best model in every 

metric, with Random Forest close behind. 

In the MAE and RMSE chart as shown in figure 4.1, the decline in error is steady as the models move 

from simpler to more flexible learning methods. Linear Regression records the highest errors, with an 

MAE of 2.41°C and an RMSE of 3.08°C. KNN reduces both values to 2.16°C and 2.87°C, while SVR 

lowers them further to 1.94°C and 2.54°C. The best results come from Random Forest and XGBoost. 

Random Forest achieves an MAE of 1.76°C and an RMSE of 2.31°C, whereas XGBoost gives the 

lowest error overall, with 1.69°C MAE and 2.18°C RMSE. This pattern suggests that nonlinear 

ensemble models capture temperature variability more effectively than linear and distance-based 

methods. 
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Figure 4.1: MAE & RMSE Values for All 5 Models 

The MAPE chart as shown in figure 4.2 follows the same order. Linear Regression shows the highest 

percentage error at 7.12%, followed by KNN at 6.45% and SVR at 5.88%. Random Forest lowers the 

value to 5.21%, and XGBoost again performs best with a MAPE of 4.96%. The reduction in percentage 

error strengthens the earlier observation that the ensemble models provide more reliable predictions 

across the testing period 

Figure 4.2: MAPE Values for All 5 Models 

The R² chart as shown in figure 4.3, confirms the same trend from the opposite side. Linear Regression 

has the lowest fit at 0.837, KNN improves it to 0.857, and SVR reaches 0.883. Random Forest crosses 

the 0.90 mark with an R² of 0.912, while XGBoost records the highest value at 0.928. This means that 

XGBoost explains the largest share of variation in daily maximum temperature among the five models 

considered. 
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Figure 4.3: R2 Values for All 5 Models 

Taken together, the three charts point to the same conclusion XGBoost is the most effective model in 

this study, and Random Forest is the next strongest option. SVR gives reasonable performance, but it 

does not reach the level of the two ensemble methods. KNN and Linear Regression are useful as 

baseline models, though their prediction accuracy is noticeably lower. For this temperature-based 

heatwave prediction framework, the results favour models that can handle nonlinear relationships and 

interactions more efficiently. 

5. CONCLUSION & FUTURE WORK  
This study compared five machine learning models for temperature-based heatwave prediction using 

the same dataset and evaluation setting. The results were consistent across all metrics. Linear 

Regression produced the weakest performance, KNN and SVR improved the prediction quality, and the 

best results were obtained from the ensemble models. Among all five methods, XGBoost performed 

best, with the lowest MAE, MAPE, and RMSE and the highest R². Random Forest was the next 

strongest model and also showed reliable performance. The main takeaway is simple: for this dataset, 

heatwave-oriented prediction benefits from models that can capture nonlinear patterns more effectively. 

The gap between the linear baseline and the ensemble models was large enough to show that 

temperature variation cannot be represented well by a purely linear relationship alone. From a practical 

point of view, XGBoost appears to be the most suitable model for this framework, while Random 

Forest remains a strong alternative. 

This study was intentionally limited in scope. It used standard machine learning models and a 

temperature-based heatwave identification approach, rather than a more complex forecasting 

architecture. That makes the results easy to interpret, but it also leaves room for extension. Future work 

can include a larger study region, longer forecast horizons, and additional meteorological variables. It 

would also be useful to test direct heatwave classification models, seasonal or region-specific model 

development, and deep learning approaches such as LSTM-based methods. Such extensions would help 

determine whether the advantage observed for XGBoost remains stable under more demanding 

forecasting conditions 
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