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Predicting the thermal comfort of building occupants is of paramount importance in the 
operation of smart buildings, providing a data-driven approach to control Heating, 
Ventilation, and Air Conditioning (HVAC) systems for managing occupant thermal comfort 
and energy use, which aligns with modern sustainability and efficiency goals. Recently, 
ensemble machine learning (ML)-based thermal comfort prediction models have been 
proposed to provide more accurate estimation of thermal comfort; however, these efforts 
often lack a systematic and comprehensive evaluation across a wide range of ML models 
within a single study. To address this gap, this study presents a systematic comparative 
analysis of four ensemble ML frameworks (bagging, boosting, stacking, and voting) with 
six basic ML algorithms (Logistic Regression, K-Nearest Neighbors, Support Vector 
Machine, Decision Tree, Multilayer Perceptron, and Multinomial Naïve Bayes) and six 
advanced ensemble ML algorithms (Random Forest, Rotation Forest, Extra Trees, 
Gradient Boosting Classifier, Histogram Gradient Boosting Classifier, and Extreme 
Gradient Boosting). The analysis is conducted using the widely recognized ASHRAE 
Global Thermal Comfort Database II, providing both 3-point and 7-point Thermal 
Sensation Vote (TSV) predictions. Accuracy, precision, recall and F1 metrics are used for 
evaluation and 10-fold cross validation is applied for further comparison. The results 
demonstrate the Histogram Gradient Boosting (HGB) algorithm achieved the highest F1 
score (0.638) for 7-point TSV prediction whereas the Random Forest (RF) algorithm 
provided the highest F1 score (0.549) for 7-point TSV prediction. In practice, these 
findings suggest that integrating RF and HGB models into Building Management Systems 
or IoT-based HVAC platforms can support real-time adaptive control, helping 
practitioners to reduce energy use while maintaining occupant comfort. 
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1. Introduction 
Thermal comfort is a subjective measure of how 
comfortable a person feels in their environment and 
maintaining a comfortable indoor environment is 
important for the health and productivity of 

building occupants [1, 2]. As a result, ensuring 
thermal comfort within buildings is of great 
importance, and HVAC systems are predominantly 
employed to achieve and regulate it. Consequently, 
a large share of building energy consumption is 
dedicated to heating and cooling processes [3]. 
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Therefore, accurately predicting thermal comfort 
has become a crucial step toward designing energy-
efficient, occupant-centric building management 
strategies. However, predicting the thermal comfort 
of building occupants presents significant 
challenges attributable to the several factors such as 
the subjective nature of comfort perception, 
demographic factors influencing occupant comfort 
(i.e. age, gender) and limited availability of 
comprehensive occupant data.  
 In recent years, accurate prediction of Thermal 
Sensation Vote (TSV) has become crucial for 
optimizing HVAC systems in buildings, 
contributing to enhanced occupant comfort and 
energy efficiency [4]. Despite several studies 
investigating the use of ML techniques for TSV 
prediction, there remains a lack of systematic and 
comprehensive evaluation of both basic and 
advanced ensemble ML algorithms using the 
widely recognized ASHRAE Global Thermal 
Comfort Database II. This study aims to address 
this gap by providing a systematic comparative 
analysis of sixteen ML models, including four 
ensemble ML frameworks with six basic ML 
algorithms and six advanced ensemble ML 
algorithms, using both 3-point and 7-point TSV 
scales. By adopting a unified dataset and 
experimental approach, the study offers a robust 
evaluation of model performance across key 
metrics, thereby informing future research and 
practical applications in the field. 
 To address the drawbacks, the objectives of this 
study are determined as follows: 
1. Generalizability of Results: To predict TSV 
using the comprehensive ASHRAE Comfort 
Database II to ensure the generalizability of TSV 
prediction models across diverse occupant 
feedback. 
2. Evaluation of Ensemble ML Algorithms: To 
systematically compare the performance of four 
ensemble ML frameworks (bagging, boosting, 
stacking, and voting) combined with six basic ML 
algorithms (Logistic Regression (LR), K-Nearest 
Neighbors (KNN), Decision Tree (DT), Support 
Vector Machine (SVM), Multinomial Naive Bayes 
(MNB), Multilayer Perceptron (MLP)), and six 

advanced ensemble ML algorithms (Random 
Forest (RF), Rotation Forest (ROF), Extra Trees 
(XT), Gradient Boosting Classifier (GB), 
Histogram Gradient Boosting Classifier (HGB), 
and Extreme Gradient Boosting (XGB)). 
3. Impact of TSV Scale Units: To provide a 
detailed analysis of how different TSV scale units 
(3-point and 7-point) impact the prediction 
performance of various ML models, offering new 
insights into the selection of scale units in thermal 
comfort prediction. 
 By achieving these objectives, this study seeks 
to identify the most suitable ML algorithm for TSV 
prediction to be integrated into HVAC systems for 
improved energy efficiency and thermal comfort in 
buildings. The remainder of this paper is structured 
as follows: Section 2 (Literature Review) presents 
the existing studies and analyzes the research gap in 
the literature, Section 3 (Methods) outlines the 
research design, including data description and 
preprocessing, principles of ensemble ML 
algorithm, and performance metrics. Section 4 
(Results) presents the experimental setup, test 
performance for the basic, ensemble and advanced 
ML models as well as further analysis of the results. 
Section 5 (Discussion) provides a comparative 
interpretation of the model outcomes, presents the 
importance of variables, and discusses their 
practical implications of thermal comfort prediction 
in HVAC systems of smart buildings. Finally, 
Section 6 (Conclusion) summarizes the key 
findings, highlights the practical relevance of TSV 
prediction in smart buildings, and offers directions 
for future research in intelligent building 
operations. 
 
2. Literature Review 
There are mainly two traditional models, namely 
the Predicted Mean Vote (PMV) and the adaptive, 
that are used for predicting thermal comfort in 
buildings. The PMV model calculates the thermal 
comfort of building occupants based on the indoor 
environmental variables, clothing insulation 
(CLO), and metabolic rate (MET) [5], however; 
numerous studies have already identified 
discrepancies between the PMV and actual thermal 
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comfort of occupants [6–15]. Broday et al. [8] 
evaluated the uncertainty of the PMV model and 
Predicted Percentage of Dissatisfied (PPD) by 
using Monte Carlo method and concluded that the 
accuracy of the PMV model is highly affected by 
the uncertainties in the input data. Zhou et al. [16] 
found that the PMV model overestimates the actual 
thermal sensation of occupants at high outdoor 
temperatures and solar radiation intensities. Cheung 
et al. [9] assessed the reliability of the PMV model 
in predicting thermal comfort by utilizing the 
ASHRAE Global Thermal Comfort Database II. 
The results show that the PMV model tends to 
underestimate thermal discomfort in hot and humid 
climates and to overestimate it in cold and dry 
climates. Their investigation revealed that the PMV 
model’s ability to predict accurately was limited, 
with an overall accuracy rate of only 34%. The 
second main traditional thermal comfort prediction 
model is the adaptive model, which provides 
thermal comfort prediction of occupants while 
considering the thermal preferences of building 
occupants and the adjustments made by occupants 
to maintain their comfort requirements. Jiao et al. 
[17] developed adaptive thermal comfort models 
based on the principles of the PMV model and 
validated that the developed models obtained more 
precise predictions of thermal comfort than the 
PMV model. Du et al. [7] compared the accuracy of 
the PMV model and the adaptive-PMV model by 
using the Chinese Thermal Comfort Database and 
found that the adaptive-PMV model yielded more 
precise predictions for thermal comfort than the 
PMV model. Although, adaptive thermal comfort 
models are becoming more widely recognized and 
accepted in building regulations, its implementation 
constitutes some limitations and challenges 
including the need for greater consistency, 
standardization and more data on adaptive behavior 
in different cultures [18].  
 To overcome these challenges, ML-based 
thermal comfort models have been proposed to 
provide more accurate predictions of thermal 
comfort, adapt in real time, process complex data, 
and integrate seamlessly into smart building 
systems [19]. ML approaches have emerged as 

promising alternatives to conventional thermal 
comfort models, such as the Predicted Mean Vote 
(PMV), which often fail to capture individual and 
contextual variations in real-world environments. A 
comprehensive review by Qavidel Fard et al. [20] 
emphasized that ML algorithms not only 
outperform PMV in predictive accuracy but also 
offer flexibility to incorporate diverse inputs, 
including physiological signals, environmental 
variables, and behavioral factors. Importantly, their 
analysis highlighted ensemble techniques and 
feature engineering as underexplored but critical 
avenues for robust thermal comfort modeling.  
 Based on these findings, Yu et al. [21] 
investigated the trade-off between accuracy and 
deployability by comparing algorithms across high-
precision and low-cost sensing scenarios. Their 
findings revealed that while sophisticated inputs 
yield better accuracy, practical systems can still 
achieve reliable results with fewer variables, 
underscoring the need for application-specific 
model design. Similarly, Yang et al. [22] 
investigated discriminant analysis, decision trees, 
ensemble algorithms, and KNN using laboratory 
data enriched with physiological and demographic 
features. Their results suggested that model success 
depended less on raw accuracy and more on the 
ability to capture non-linear, high-dimensional 
interactions between environmental and personal 
variables. In another study, Yang et al. [23] 
extended this approach with broader physiological 
coverage, showing that algorithmic sensitivity to 
input selection was as important as the choice of 
ML method itself. Cen et al. [24] further 
demonstrated the feasibility of lightweight, 
wearable-based models, showing that even minimal 
inputs could provide reliable real-time comfort 
assessment, paving the way for non-intrusive 
monitoring. 
 Other studies have explored the role of 
algorithm choice and data preprocessing in shaping 
predictive performance. Zhou et al. [25] found that 
SVM regression, particularly with radial basis 
kernels, was effective in modeling nonlinear 
comfort responses, reinforcing the adaptability of 
kernel-based approaches. Rehman et al. [26] 
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showed that deeper networks, such as deep artificial 
neural networks, excelled at capturing the complex 
relationships between environmental and 
physiological variables, while also stressing the 
importance of matching model complexity to data 
characteristics. Fayyaz et al. [27] highlighted how 
imputation, feature selection, and class balancing 
significantly influenced outcomes, discussing that 
data preprocessing techniques can be as decisive as 
algorithm choice. Regarding contextually, field-
based studies such as Chai et al. [28] found that 
adaptation-related factors like climate, gender, and 
age were critical in naturally ventilated residences, 
while Sibyan et al. [29] demonstrated that even 
simple probabilistic classifiers like Naive Bayes 
could outperform regression when applied in 
resource-constrained, real-world settings.  
 Expanding on data diversity, Shan et al. [30] 
introduced electroencephalogram (EEG) signals 
into thermal comfort modeling, opening the field to 
neurophysiological sensing. Tardioli et al. [31] 
developed a hybrid method integrating Internet of 
Things (IoT) sensor data with building physics 
simulations, highlighting the benefits of combining 
mechanistic and data-driven models. Large-scale 
benchmarking efforts, such as Luo et al. [32], 
systematically compared nine algorithms on the 
ASHRAE Global Thermal Comfort Database II, 
showing that feature importance analyses revealed 
consistent drivers like indoor air temperature, 
relative humidity (RH), and CLO, regardless of 
algorithm choice. In terms of the role of input 
dimensionality, some studies [33] demonstrated 
that expanding feature sets improved accuracy, 
while others [34] showed that spatial attributes such 
as occupant distance proximity to windows or AC 
(air conditioning) units significantly improved 
robustness. Demographic-focused models [35] also 
confirmed that personal factors (e.g., age, 
education, income) mediate comfort perception, 
underscoring the need to account for social and 
cultural diversity in predictive frameworks.  
 Recent work has further extended ML-based 
comfort prediction into practical building operation 
and special population contexts. Boutahri and 
Tilioua [36] combined IoT-based Raspberry Pi 

sensors with ensemble methods (RF, XGBoost) to 
simultaneously optimize comfort and HVAC 
energy use, demonstrating the dual utility of ML for 
sustainability goals. Ren et al. [37] incorporated 
physiological signals such as ECG 
(electrocardiogram), EEG, and skin temperature, 
showing that advanced resampling techniques like 
SMOTETomek markedly improved predictive 
reliability, especially in imbalanced datasets. Li et 
al. [38] integrated Bayesian optimization and 
SHAP(SHapley Additive exPlanations)-based 
feature interpretability into XGBoost models for 
office buildings, identifying dominant drivers like 
air velocity (Vair), CLO, and mean radiant 
temperature, thus, offering insights beyond 
predictive accuracy. Avci [39] explored macro-
contextual factors such as climate class, season, 
building type, and ventilation strategy across 
61,000 global observations, demonstrating that 
while such inputs improved generalizability across 
settings, they sometimes reduced precision 
compared to physiological data. Finally, He et al. 
[40] focused on elderly occupants in climate 
chamber experiments, revealing that boosting 
methods like XGBoost not only provided superior 
accuracy but also captured behavioral adaptations 
such as fan use, highlighting the importance of 
tailoring models to vulnerable populations. 
 In summary, these studies reflect a paradigm 
shift in thermal comfort prediction research. Rather 
than competing solely on accuracy scores, the field 
is moving toward holistic frameworks that integrate 
environmental, physiological, spatial, 
demographic, and macro-contextual variables, 
while also emphasizing interpretability, 
generalizability, and real-world applicability. In 
addition, these studies demonstrate the growing 
sophistication of ML-based thermal comfort 
models, emphasizing the importance of model 
selection and evaluation. RF, XGBoost, and KNN 
frequently emerge as the most effective models, 
with Artificial Neural Network (ANN), SVM, and 
Naïve Bayes (NB) also showing competitive results 
in certain contexts. The analysis of the literature 
highlights several research gaps as outlined below: 
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• Most of the studies are based on either the field 
or lab data, which provide personalized outputs, 
and, thus, cannot be generalized. On the other hand, 
datasets such ASHRAE Thermal Comfort Database 
provide a wide range of feedback from occupants, 
which enable to obtain universal outputs. However, 
ASHRAE datasets are rarely used in studies 
focusing on the performance of ensemble ML 
frameworks and advanced ensemble ML 
algorithms.  
• Various basic ML algorithms (i.e. SVM, KNN) 
have been frequently applied for thermal comfort 
prediction. Although ensemble ML frameworks 
(e.g., bagging, boosting, stacking, and voting) and 
advanced ensemble ML algorithms (e.g., Random 
Forest, Rotation Forest, Extra Trees, Gradient 
Boosting Classifier, Histogram Gradient Boosting 
Classifier, Extreme Gradient Boosting) have 
demonstrated superior performance in other 
engineering domains such as fault detection [31, 
32], energy forecasting [33–36], and engineering 
planning and design [37], their comparative 
performance in thermal comfort prediction has not 
been systematically evaluated using a consistent 
dataset and experimental framework. 
• TSV is the most common output of ML 
algorithms in thermal comfort prediction models 
[41–44]. It is seen that most of the studies used 7-
point and 3-point TSV scale units, but it is still not 
clear to which extend the selected scale unit might 
affect the performance of the prediction models. 
 
3. Methods 
In this study, different ensemble ML frameworks 
that employ several basic ML algorithms and 
advanced ensemble ML algorithms that utilize 
specialized learning techniques are applied to 
ASHRAE Database II to systematically evaluate 
the performance of these methods in predicting 
thermal comfort. Fig. 1 presents an overview of the 
research design, which is elaborated in the 
following subsections. 

3.1. Dataset description and data 
preprocessing 

The ASHRAE Global Thermal Comfort Database 
II was selected for this study due to its 
comprehensive scope and global relevance. It is the 
most extensive publicly available dataset on 
thermal comfort, containing over 109,033 rows of 
data collected from multiple projects. This dataset's 
diversity, encompassing various building types, 
occupancy patterns, and environmental conditions, 
ensures a representative basis for developing 
generalizable thermal comfort prediction models. 
Unlike other datasets, such as the SCATs database, 
which focuses primarily on office environments in 
Europe, or the standalone RP-884 dataset, the 
ASHRAE Global Thermal Comfort Database II 
offers unmatched breadth and depth by 
consolidating data from diverse climates, regions, 
and populations worldwide. Initiated in 2014 under 
the leadership of the Center for the Built 
Environment at the University of California, 
Berkeley, and the University of Sydney's Indoor 
Environmental Quality Laboratory, the dataset 
includes 25,288 rows from the ASHRAE RP-884 
database, to provide a robust foundation for thermal 
comfort research. Furthermore, its widespread 
adoption in recent studies (e.g., Cheung et al. [9], 
Bai et al. [45], Han et al. [46]) highlights its 
reliability and utility in advancing thermal comfort 
research.  
 In this study, the dataset obtained from the 
ASHRAE Global Thermal Comfort Database II 
(version 2.01) used in Luo et al.’s [32] study was 
used to compare the performance of ensemble 
machine learning algorithms in predicting thermal 
comfort of occupants with the traditional machine 
learning algorithms. TSV of the occupants in the 
ASHRAE Global Thermal Comfort Database II 
(version 2.01) were determined as the output 
variable. To select features, statistical analyses 
were performed to check whether the independent 
variables have a statistically significant effect on 
thermal sensation.  
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Fig. 1. Research design 

 
Logistic regression analysis was applied to 
continuous variables such as indoor and outdoor 
parameters (Tair, Vair, RH, SET, Tout), whereas the 
chi-square test was used for categorical variables. 
Furthermore, to evaluate potential 
multicollinearity, the Pearson correlation analysis 
was conducted for indoor and outdoor air 
parameters. Subsequently, ‘Tair’, ‘Vair’, ‘RH’, 
‘SET’, ‘CLO’, ‘MET’, ‘Age’, ‘Sex’, ‘Tout’, 

‘Season’, ‘Building operation mode’, and ‘Building 
type’ were selected as input features to achieve 
higher model performance. Moreover, data rows 
that do not have data for at least one of these 
selected variables from the original dataset were 
omitted to achieve higher model performance. As a 
result, a new dataset consisting of 10,618 data rows 
was obtained. Description of the variables is 
presented in Table 1. 
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Table 1. Description of the variables 
Category Variables Description Unit Range Number of 

samples 

Input 
Variables 

Tair Air temperature measured in the 
occupied zone  

⁰C 13.4-45.3 

10,618 

Vair Air speed in the occupied zone m/s 0-4.71 
RH Relative humidity in the occupied 

zone 
% 14.5-88.8 

SET Standard Effective Temperature in 
Celsius degree 

⁰C 10.93-38.94 

CLO Intrinsic clothing ensemble 
insulation of the occupant 

clo 0.23-2.87 

MET Average metabolic rate of the 
occupant 

met 0.7-3.5 

Age Age of the occupants year 16-95 
Sex Sex of the occupants  Male, Female 
Tout Outdoor monthly average 

temperature when the field study 
was done 

⁰C 5.3-38.1 

Season Season when the study was done - Spring, Summer, 
Autumn, Winter 

Building 
operation 
mode 

Air Conditioned = can be air, 
radiant, etc. and no operable 
windows.  
Naturally Ventilated = no 
mechanical cooling, but with 
operable windows.  
Mixed Mode = mechanical cooling 
and operable windows (can include 
concurrent, changeover, or zoned).  

- Air conditioned, 
Naturally 
ventilated, Mixed 
mode 

Building type Type of building in which the study 
was done 

- Classroom, 
Office, Senior 
center 

Output 
Variable 

TSV ASHRAE Thermal sensation vote of 
occupant 

- from -3 (cold) to 
+3 (hot) 

 

 
 To investigate the impact of scale units on the 
performance, 7-point TSV output was used for 
generating the wrapped-up 3-point TSV output 
(Table 2). In order to enhance the predictive 

performance of the models, min-max normalization 
is utilized to scale the input data between zero and 
one due to the presence of varying value ranges.  

 
Table 2. Descriptions of TSV outputs and sample sizes 

7-point TSV 3-point TSV 
Categories Values Sample size Categories Values Sample size 
Cold (-3) – (-2.6) 40 Cool side (-0.6) – (-3) 1887 
Cool (-1.6) – (-2.5) 297 
Slightly cool (-0.6) – (-1.5) 1550 
Neutral (-0.5) – (+0.5) 5740 Neutral (-0.5) – (+0.5) 5740 
Slightly warm (+0.6) – (+1.5) 1908 Warm side (+0.6) – (+3) 2991 
Warm (+1.6) – (+2.5) 751 
Hot (+3) – (+2.6) 332 
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This approach ensures consistency and facilitates 
effective comparisons across different features, 
leading to improved model performance. 
Additionally, it supports compatibility with 
algorithms such as MNB, which require non-
negative input values. 

3.2. Principles of ensemble ML frameworks 
Ensemble ML frameworks utilize the predictions of 
multiple models to enhance the accuracy and 
stability of a base ML algorithm. These base 
algorithms serve as the fundamental building 
blocks within the ensemble and can range from 
decision trees to neural networks. By combining the 
strengths of different base algorithms, ensembles 
can achieve improved prediction accuracy, 
robustness, and generalization, making them a 
valuable approach in machine learning. In addition, 
ensemble ML frameworks can tackle the class 
imbalance issue and provide superb performance in 
comparison with other solutions [47]. This section 
introduces the principles of different ensemble ML 
frameworks. 
 Bagging (Bootstrap Aggregating) is an 
ensemble ML framework that combines multiple 
models, trained on different subsets of the training 
data, to improve the accuracy and stability of a base 
ML algorithm [48, 49]. The key idea behind 
bagging is that by using multiple base models, each 
trained on a slightly different subset of the training 
data, ensemble machine learning algorithms help 
reduce prediction variance and enhance the overall 
accuracy of the model. The steps for applying 
bagging ensemble ML framework are as follows: 
(1) to split the dataset into M random subsets of size 
n, called bootstrap samples (2) to select the base 
ML algorithms (i.e decision trees, logistic 
regression, or neural networks); (3) to train base 
ML algorithms to make predictions on each 
bootstrap sample; (4) to combine M base ML 
algorithms to form an ensemble model by summing 
up the predictions of each base model.  
 Boosting is another popular ensemble ML 
framework that combines multiple weak models to 
create a stronger model with improved accuracy 
[50, 51]. The central concept of boosting is to train 

a series of weak classifiers in succession, with each 
model correcting the errors of its predecessors, 
leading to a strong ensemble model, and, thus, the 
ensemble model can learn more about the difficult 
examples and improve its overall accuracy. The 
steps for applying boosting ensemble ML 
framework are as follows: (1) to train the entire 
dataset by a basic ML algorithm; (2) to identify the 
examples where the base ML algorithm fails and to 
assign a higher weight to examples that were 
previously misclassified; (3) to train the new ML 
model on the updated dataset; (4) to repeat steps 2 
and 3 for a fixed voting of iterations or until the 
performance of the ensemble ML model plateaus; 
(5) to combine the predictions of all the models to 
form the final ensemble model. 
 Stacking, or stacked generalization, is an 
advanced ensemble learning framework that 
improves predictive accuracy by combining the 
outputs of multiple base models through a meta-
learner [52, 53]. Stacking operates on the principle 
of training a meta-learner that uses the outputs of 
multiple base models as input features to enhance 
overall predictive performance and, thus, combines 
the strengths of the individual base ML algorithm 
and makes the final predictions. The steps for 
applying stacking ensemble ML framework are as 
follows: (1) to split the dataset into a training set 
and a holdout set; (2) to select multiple base ML 
algorithms; (3) to train base ML algorithms on the 
training set; (4) to make predictions on the holdout 
set using the trained base ML algorithms and to use 
these predictions as input to the meta-model; (5) to 
train the meta-model on the holdout set, using 
predictions of the base models as input and the true 
labels as output; (6) to combine the predictions of 
the base ML algorithms and the meta-model to form 
the final ensemble model. 
 Voting is a basic ensemble ML technique that 
aggregates the predictions of multiple models using 
a predefined voting rule to determine the final 
output [54, 55]. The main concept underlying 
voting is that leveraging the collective predictions 
of various models can lead to improved accuracy 
and reduced variability in outcomes. The voting 
rule can be either a majority vote (for classification 
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problems) or an average (for regression problems) 
of the individual model predictions. In the voting of 
classification problems, two types of voting 
schemes exist: hard voting and soft voting. The 
former involves selecting the prediction with the 
highest count of votes, while the latter entails 
aggregating the individual probabilities of each 
prediction across models, followed by the selection 
of the prediction with the highest overall 
probability. The steps for applying voting ensemble 
ML framework are as follows: (1) to split the 
dataset into a training set and a holdout set; (2) to 
select the base ML algorithms (i.e decision trees, 
logistic regression, or neural networks); (3) to train 
base ML algorithms to make predictions on the 
holdout set; (4) to combine the predictions of the 
base ML algorithms using a voting rule to form the 
final ensemble model. 

3.3. Principles of advanced ensemble ML 
algorithms 

In this study, RF, ROF, XT, GB, HGB, and XGB 
are selected as advanced ensemble ML algorithms 
since they have been proven to be effective in many 
applications and have a track record of success [56–
58]. 
 RF is a powerful and flexible algorithm that can 
be used for both regression and classification tasks. 
It is based on the idea of decision trees which are 
prone to overfitting. RF overcomes this problem by 
constructing an ensemble of decision trees and 
using bagging to reduce the variance of each tree. 
Subsequently, RF combines the predictions of all 
the trees, either by averaging them or by taking the 
majority vote, to make predictions on new data. To 
further reduce the variance of the trees, RF also 
introduces a randomization step when constructing 
each tree. At each node of the tree, instead of using 
the best split among all possible splits, RF considers 
only a random subset of the features. This ensures 
that the trees in the ensemble are diverse and 
uncorrelated.  
 ROF combines multiple models to improve the 
predictive performance of a single model. It is 
particularly useful when the data contains a large 
number of features that may be correlated or 

redundant [59]. The key idea behind ROF is to 
randomly rotate the feature space before training 
each model in the ensemble. This means that 
instead of using the original features as input to the 
models, ROF first applies a random rotation to the 
feature space, and then uses the rotated features as 
input. By doing so, ROF creates a new set of 
features that are uncorrelated and potentially more 
informative than the original features. ROF uses a 
weighted averaging method, where the predictions 
of each model are weighted by the performance of 
the model on a validation set. This ensures that the 
models with the highest accuracy contribute more 
to the final prediction, while the models with lower 
accuracy contribute less. 
 XT (Extremely Randomized Trees) is also 
based on decision trees and is particularly useful 
when the data is noisy or the number of features is 
large, as it can reduce the risk of overfitting and 
improve the robustness of the model. In XT, the 
trees are constructed using a variant of the decision 
tree algorithm, where the splits are selected by a 
random threshold that is selected uniformly at 
random within the range of the feature values and 
not based on a quality criterion. By introducing this 
additional randomness, XT aims to create more 
diverse and less correlated decision trees, which can 
improve the performance of the ensemble. To make 
predictions on new data, XT combines the 
predictions of all the trees in the ensemble. XT uses 
a simple averaging method, where the predictions 
of all trees are averaged to obtain the final 
prediction.  
 GB is based on boosting and uses a series of 
weak models, typically decision trees, to form a 
strong model [60]. It is particularly useful when the 
data contains complex non-linear relationships, as 
it can capture these relationships through the 
ensemble of weak models [61]. The core idea of GB 
is to iteratively add weak learners to the ensemble, 
each one trained to minimize the residual errors of 
the overall model. In each iteration, the algorithm 
fits a new weak model to the residual errors of the 
current model. To prevent overfitting, GB uses a 
technique called "shrinkage", where the predictions 
of each weak model are multiplied by a small 



355 M. Kuru Erdem et al.  

 

learning rate before adding them to the overall 
model. This means that each weak model 
contributes only a small amount to the overall 
model, and the learning rate controls the trade-off 
between model complexity and accuracy. To make 
predictions on new data, GB combines the 
predictions of all weak models in the ensemble, 
weighted by the learning rate and the performance 
of each model on a validation set. By aggregating 
the weighted outputs of all weak models, the final 
prediction serves as the optimal approximation of 
the target variable given the input data. 
 HGB, also known as Hist Gradient Boosting, is 
particularly useful when the data contains many 
continuous features. The key idea behind HGB is to 
discretize the continuous features into bins and 
build histograms of these bins, which can be used 
to efficiently calculate gradients and Hessians for 
each feature. To construct each weak model in the 
ensemble, HGB uses a greedy algorithm that selects 
the best split point for each histogram. The split 
point is chosen to maximize the reduction in the loss 
function, which is typically the mean squared error 
for regression tasks or the log-loss for classification 
tasks. This allows HGB to construct accurate weak 
models that capture the complex non-linear 
relationships between the target variable and the 
features and. To prevent overfitting, HGB uses 
several regularization techniques, including 
maximum depth constraints, minimum number of 
samples per leaf, and learning rate. The maximum 
depth and the minimum number of samples per leaf 
serve as constraints that regulate the complexity of 
individual weak learners, while the learning rate 
determines the extent to which each weak model 
contributes to the final ensemble. Similar to GB, 
HGB generates predictions for new data by 
aggregating the outputs of all weak learners, with 
each contribution weighted by both the learning rate 
and the model’s performance on a validation set. 
The final prediction is the sum of all weighted 
predictions, which represents the best possible 
approximation of the target variable given the data 
and the ensemble of weak models. 
 XGB uses decision trees and is particularly 
useful when the data is high-dimensional, sparse, or 

noisy. The key idea behind XGB aligns with other 
gradient boosting algorithms: it iteratively adds 
weak learners to the ensemble, each one aimed at 
minimizing the overall prediction error. To 
construct each weak model in the ensemble, XGB 
uses several techniques such as parallelization, 
regularization, feature importance and missing 
value handling to improve the performance and 
scalability of the algorithm. In addition, split 
finding, approximate computing, and weighted 
quantile sketch techniques are used to improve the 
accuracy of the decision trees. To make predictions 
on new data, similar to GB and HGB, XGB also 
combines the predictions of all weak models in the 
ensemble, weighted by the learning rate and the 
performance of each model on a validation set. The 
final prediction is the sum of all weighted 
predictions, which represents the best possible 
approximation of the target variable given the data 
and the ensemble of weak models. 

3.4. Performance metrics 
Performance metrics are essential for evaluating the 
generalization ability of a developed model. While 
accuracy remains the most frequently reported 
metric in thermal comfort studies [62], it is 
insufficient for unbalanced multi-class problems 
and may even produce erroneous results [23]. 
Therefore, several performance metrics must be 
taken into account for evaluation. In this study, four 
performance metrics—accuracy, precision, recall, 
and F1-score—are employed to evaluate the 
effectiveness of the proposed methods. It should be 
noted that Mean Absolute Percentage Error 
(MAPE) is more appropriate for regression models, 
and, thus, it was not included in this study that 
focuses on classification-based TSV prediction. In 
the aforementioned metrics, True Positive (TP) 
refers to a case where the model correctly predicts 
the presence of the target class. True Negative (TN) 
indicates a correct prediction of the absence of the 
target class. False Positive (FP) occurs when the 
model incorrectly predicts the presence of the target 
class, while False Negative (FN) refers to an 
incorrect prediction where the model fails to detect 
the presence of the target class. 
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 Accuracy, defined as the ratio of correctly 
classified samples to the total number of samples, is 
a widely used performance metric. However, in 
cases of imbalanced data, it may fail to reflect the 
true performance of the model. Its formal 
expression is provided in Eq. (1). 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 (1) 

 Precision, or positive predictive value, measures 
how many of the instances predicted as positive are 
actually true positives. It reflects the model's ability 
to prevent false positive classifications. The formal 
expression of precision is given in Eq. (2) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (2) 

 Recall, also referred to as sensitivity, is the 
proportion of true positive predictions among all 
actual positive instances. In other words, it reflects 
the model's ability to correctly identify all positive 
cases. The formal definition of recall is presented in 
Eq. (3). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (3) 

 F1 score combines precision and recall using 
their harmonic mean, offering a single metric that 
balances both concerns. It is particularly useful in 
scenarios involving imbalanced data, where 

positive classes are more critical. The equation for 
the F1 score is shown in Eq. (4). 

𝐹𝐹1 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ∙
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∙ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 (4) 

 For the metrics accuracy, precision, recall, and 
F1, a value closer to 1 indicates strong predictive 
performance, while a value closer to 0 indicates 
poor predictive performance. 
 
4. Results 

4.1. Experimental setting 
During the experimental study, all the methods 
were implemented in Python 3.1 using libraries 
Scikit-learn (version 1.1.2), rotation-forest (version 
1.0), and xgboost (version 1.7.4). If it is not 
explicitly specified, default parameters in the 
software libraries were used. To customize 
parameters, the 7-point TSV case was selected to 
conduct parameter analysis since the results 
obtained for this case could also be representative 
for the 3-point case. Default values of parameters 
were changed to specific ones after conducting 
preliminary experiments. As a result, the default 
values of following parameters were changed (Fig. 
2): 

 

 
Fig. 2. Parameter analysis of RF, XT, and XGB for 7-point TSV prediction 
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• Maximum depth parameter of the RF algorithm 
was changed to 15. 
• Maximum depth parameter of the XT algorithm 
was changed to 15. 
• Eta parameter of the XGB algorithm was 
changed to 0.2. 
• To prevent convergence issues in the Multi-
layer Perceptron and Logistic Regression 
algorithms, the max iteration parameter was 
changed to 1000 for both algorithms. 
 To ensure the replicability of the findings, the 
main hyper-parameters used in this study is listed in 
Table 3. Data were split into training (80%) and 
testing (20%) using the stratified strategy to 
maintain the class ratio in this imbalanced dataset. 
As supported by previous studies [32, 45, 63–65], 
the 80/20 train-test split ratio provides an effective 
balance between training and evaluation, offering 
enough data to build the model while preserving a 
meaningful amount for testing. 
 Precision, recall, and F1 score can originally be 
applied on binary classification problems. 
However, since TSV prediction in this work 
includes multiple target classes, a weighted average 
approach was applied to calculate these metrics. 

Weights are determined according to the support, or 
the number of test samples of each class label. 

4.2. Results of basic ML algorithms 
In this section, the performance of 6 basic ML 
classification algorithms (LR, KNN, SVM, DT, 
MLP, and MNB) were measured. 
 Fig. 3 presents different performance metrics 
calculated for 3-point and 7-point TSV prediction. 
The results show that the classification for 3-point 
TSV generally achieved higher performance metric 
scores than the 7-point classification for TSV. The 
F1 score ranges of 3-point and 7-point TSV 
prediction–are 0.379 - 0.614–and 0.379 - 0.516, 
respectively. Based on all performance metrics 
except for F1 score, MLP outperforms other basic 
ML algorithms for both 3-point and 7-point TSV 
prediction whereas KNN performs better than other 
ML algorithms according to F1 score.  Based on all 
performance metrics, MNB algorithm performs 
significantly worse than the other algorithms for 3-
point TSV prediction. For 7-point TSV prediction, 
MNB is the worst performing algorithm according 
to F1 and precision performance metrics whereas 
DT is the worst performing algorithm according to 
accuracy and recall performance metrics. 

 
Table 3. Main hyper-parameters used in the study 

Classifier C Max 
iteration 

Kernel Max 
depth 

n_Estimators n_Neighbors eta Final 
Estimator 

LR 1 1000 - - - - - - 
KNN - - - - - 5 - - 
SVM 1 - RBF - - - - - 
DT - - - None - - - - 
MLP - 1000 - - - - - - 
MNB - - - - - - - - 
Bagging - - - - 10 - - - 
Boosting 
(AdaBoost) 

- - - - 50 - - - 

Stacking - - - - - - - LR 
RF - - - 15 100 - - - 
ROF - - - 4 10 - - - 
XT - - - 15 100 - - - 
GB - - - 3 100 - - - 
HGB - 100 - - - - - - 
XGB - - - - 100 - 0.2 - 
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Fig. 3. Performance of basic ML algorithms 

 

4.3. Results of ensemble ML algorithms 

4.3.1. Bagging ensemble ML algorithms 
Fig. 4 demonstrates the results of using basic ML 
algorithms as base estimators in bagging ensemble 
framework. The results show that the utilization of 
the bagging ensemble method substantially 
enhanced the performance of the DT algorithm 
more than other ML algorithms for both 3-point and 
7-point TSV prediction. For example, F1 scores of 
the individual application of DT for 3-point was 
0.570, which increased to 0.636 for the bagging 
ensemble DT algorithm. In addition, F1 scores of 
the individual application of DT for 7-point was 
0.475, which increased to 0.549 for the bagging 

ensemble DT algorithm. The rest of the bagging 
applications of ML algorithms performed similar to 
that of their respective individual applications. 

4.3.2. Boosting ensemble ML algorithms 
This section provides the results of boosting 
ensemble framework using AdaBoost algorithm. 
Since sample weighting support is necessary for 
base estimators, only 4 of the basic ML algorithms, 
namely LR, SVM, DT, and MNB, were used. As it 
is shown in Fig. 5, the boosting ensemble DT 
algorithm for the 3-point TSV prediction achieves 
the best performance in terms of all the 
performance metrics, with a maximum F1 score of 
0.565.  
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Fig. 4. Performance of bagging ensemble ML algorithms 

 
However, a significant performance loss was 
observed in all the boosting ensemble algorithms 
except for boosting ensemble MNB algorithm for 
the 7-point TSV prediction compared to their 
respective results obtained for basic ML 
algorithms. Although the SVM algorithm may not 
be the top-performing choice in a boosting 
framework, it demonstrates better preservation of 
metrics when transitioning from a 3-point to a 7-
point prediction scale unit. 

4.3.3. Stacking ensemble ML algorithms 
In stacking ensemble design, DT was excluded 
since stacking should take advantage of strong 
predictors unlike bagging and boosting ML 
frameworks in which weak learners such as DT are 

preferable. As a result, the combinations of ML 
algorithms presented in Table 4 are created for 
evaluating the performance of stacking ensembles. 
It should be noted that algorithms were grouped 
into combinations of 3 and 5 in order to avoid 
potential ties when making predictions or voting in 
the ensemble. 
 The results of stacking ensembles are shown in 
Fig. 6. Although the methods show similar 
performance, the combinations of C1, C2, C3, C7, 
C8, C9, C11 are generally more successful than 
other combinations for both 3-point and 7-point 
TSV prediction. Overall performance of stacking 
ensemble algorithms for 3-point TSV prediction is 
higher than that of 7-point TSV prediction since 3-
point TSV is easier to be predicted.  
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Fig. 5. Performance of boosting ensemble ML algorithms 

 
Table 4. Different combinations of basic ML algorithms that construct stacking ensembles 

Combination Ensemble 
C1 LR, KNN, SVM 
C2 LR, KNN, MLP 
C3 LR, KNN, MNB 
C4 LR, SVM, MLP 
C5 LR, SVM, MNB 
C6 LR, MLP, MNB 
C7 KNN, SVM, MLP 
C8 KNN, SVM, MNB 
C9 KNN, MLP, MNB 
C10 SVM, MLP, MNB 
C11 LR, MLP, MNB, KNN, SVM 

 
 



361 M. Kuru Erdem et al.  

 

 
Fig. 6. Performance of stacking ensemble ML algorithms 

 
It can also be observed that the impact of changing 
TSV scale units on performance metrics is more 
significant for precision and recall metrics 
compared to accuracy and F1 metrics. 

4.3.4. Voting ensemble ML algorithms 
In a voting ensemble framework, each of the well-
performing constituent algorithms makes a 
prediction on the output classes by combining their 
individual predictions. Therefore, like the approach 
followed in Section 3.3.2, DT was excluded in 
voting ensemble design and combinations listed in 
Table 4 were used again for evaluating the 
performance. 

 Fig. 7 shows the performance of hard voting 
framework, in which the majority rule is applied 
and the output class with highest number of 
predictions is selected. In terms of F1 score, C2, C7, 
and C9 combinations perform better than the other 
combinations for both 3-point and 7-point TSV 
predictions. Overall performance of voting 
ensemble ML algorithms for 3-point TSV 
prediction is higher than that of 7-point TSV 
prediction. However, the performance loss in terms 
of precision when transitioning from 3-point to 7-
point TSV prediction is relatively low for the C2, 
C7, and C9 algorithms compared to other 
combinations. 
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Fig. 7. Performance of hard voting ensemble ML algorithms 

 
 Fig. 8 demonstrates the performance of soft 
voting framework in which the output class with the 
highest total prediction probability is selected. 
Similar to hard voting, C2, C7, and C9 outperforms 
others in terms of F1 score for both 3-point and 7-
point TSV predictions. Especially for 7-point TSV 
prediction, overall performance of soft voting 
framework is better than that of hard voting in terms 
of F1 and precision metrics. 

4.4. Results of advanced ensemble algorithms 
This section measures the performance of advanced 
ensemble algorithms including RF, ROF, XT, GB, 
HGB, and XGB. The results in Fig. 9 suggest that 
the overall performance of advanced ensemble ML 

algorithms are superior to previous ensemble 
frameworks presented in this study. Among the 
algorithms, RF, XT and XGB show the best overall 
performance considering both 3-point and 7-point 
TSV prediction. Across all performance metrics, 
RF achieved the highest accuracy in 7-point TSV 
prediction, outperforming other advanced ensemble 
models. However, different performance metrics 
yielded different results for the 3-point TSV 
prediction, in which XT is the best performing 
algorithm based on accuracy (0.66), precision 
(0.665) and recall (0.66) scores whereas HGB is the 
best performing one according to the F1 score 
(0.638). 
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Fig. 8. Performance of soft voting ensemble ML algorithms 

 

4.5. Further analysis of the results 
This section provides further analysis of findings 
obtained from ML algorithms that were 
experimented with in this study. Although 4 
different performance metrics are used, F1 score is 
selected as the primary performance metric for 
discussing the results since F1 score places equal 
emphasis on precision and recall, making it a good 
approach to evaluating results, especially when 
interpreting imbalanced data where accuracy can be 
misleading [66]. 
 Table 5 and Table 6 present the best algorithms 
in each experiment group and list their performance 

based on F1 score for 3-point and 7-point TSV 
predictions, respectively. Note that weighted 
calculation in multiclass classification to deal with 
the imbalance can result in F1 scores that are not 
between precision and recall. 
 Tables 5 and 6 suggest that advanced and 
bagging are the two prominent ensemble categories, 
achieving higher F1 scores than the others. Besides, 
the advanced ensemble ML algorithm algorithms, 
namely HGB and RF, outperform the bagging 
framework when all performance metrics are 
considered. Another notable finding from the 
results is that DT should be prioritized when 
designing a bagging ensemble algorithm.  
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Fig. 9. Performance of advanced ensemble ML algorithms 

 
Table 5. Best performing ML algorithms for 3-point TSV 

Category Best performing algorithm Accuracy Precision Recall F1 
Basic ML KNN 0.619 0.617 0.619 0.614 
Bagging DT 0.636 0.631 0.636 0.630 
Boosting (Adaboost) DT 0.609 0.599 0.609 0.565 
Stacking C9 (KNN, MLP, MNB) 0.643 0.643 0.643 0.615 
Voting (hard) C7 (KNN, SVM, MLP) 0.635 0.646 0.635 0.595 
Voting (soft) C2 (LR, KNN, MLP) 0.637 0.639 0.637 0.601 
Advanced HGB 0.654 0.648 0.654 0.638 

 
DTs can split the data based on the most 
informative features, which can help to separate the 
minority class from the majority class. However, it 
may be prone to overfitting if the training data is 
biased or unrepresentative of the population. In the 
context of bagging, which involves training 

multiple models, the problem of overfitting can be 
mitigated, and the decision tree algorithm can 
benefit from splitting on the most informative 
features. On the other hand, the results show that 
the boosting framework (Adaboost) exhibits 
relatively poor performance on F1 metric.  
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Table 6. Best performing ML algorithms for 7-point TSV 
Category Best performing algorithm Accuracy Precision Recall F1 
Basic ML KNN 0.542 0.508 0.542 0.516 
Bagging DT 0.570 0.542 0.570 0.549 
Boosting (Adaboost) LR 0.540 0.292 0.540 0.379 
Stacking C2 (LR, KNN, MLP) 0.584 0.532 0.584 0.519 
Voting (hard) C7 (KNN, SVM, MLP) 0.575 0.537 0.575 0.477 
Voting (soft) C2 (LR, KNN, MLP) 0.589 0.545 0.589 0.512 
Advanced RF 0.608 0.592 0.608 0.549 

 
This may be because the minority class is extremely 
underrepresented in the dataset. This can result in 
lower weight being assigned to the minority class 
instances, making it more difficult for the algorithm 
to learn their characteristics and leading to poorer 
performance on the minority class. There is no 
notable difference between stacking framework and 
basic ML in terms of F1 scores. Therefore, it can be 
said that stacking is not suitable when dealing with 
this kind of imbalanced dataset. 
 Regarding voting frameworks, soft voting 
framework achieves better than the hard voting. In 
TSV prediction, taking into account the 
probabilities predicted by each model can lead to a 
more accurate classification. Soft voting can 
provide more information to the ensemble by 
considering the confidence levels of each model's 
predictions, which can improve the overall 
performance of the ensemble. Nevertheless, it is 
evident from the results that voting schemes in 
general did not show good performance in this 
study. 
 Among basic ML algorithms, KNN shows the 
best F1 scores for both 3- and 7-point TSV 
classifications. When ensemble approaches are 
compared to basic ML on this dataset, it appears 
that the accuracy, precision, and recall scores of the 
former category are better than those of the latter. 
On the other hand, in terms of F1 scores, which 
provides more accurate evaluation on imbalanced 
data, only the bagging and advanced ensemble 
outperform basic ML. It seems that, as a non-
parametric algorithm, KNN makes no assumptions 
about the underlying distribution of the data, and, 
therefore, can be effective in detecting patterns in 
the minority class compared to boosting and voting. 

This is because the minority class may be ignored 
by the voting and boosting ensembles in this kind 
of imbalanced dataset. 
 To further compare the F1 score performance of 
the algorithms and obtain more accurate results, 
each of the selected algorithms were run using 
stratified 10-fold cross validation (CV) technique 
on the whole dataset. After collecting 10 different 
F1 scores per algorithm, the results with box-plots 
are shown in Fig. 10, where the abbreviations Bag, 
Bst, Stk, HV and SV were used for bagging, 
boosting, stacking, hard voting and soft voting, 
respectively. For both 3- and 7-point TSV 
prediction cases, the results from box plots suggest 
that advanced (HGB and RF) and bagging (DT) 
categories outperform others. Boosting, stacking, 
and voting ensemble frameworks cannot exceed the 
performance of basic ML algorithms such as KNN. 
 To investigate the differences between each pair 
of algorithms, the Wilcoxon rank sum test was 
applied to the data obtained from the 10-fold cross-
validation experiment. Table 7 and Table 8 list the 
results of the test in terms of p-values. Wilcoxon 
rank sum, or Mann-Whitney U, is a non-parametric 
statistical test that is used to compare two 
independent samples to determine if they come 
from the same population or not. In this study, 
populations are the F1 scores obtained per 
algorithm. 
 The null hypothesis indicates that the 
performance of two algorithms is the same. The 
threshold for statistical significance is set to 0.05. If 
the calculated p-value is less than 0.05, the null 
hypothesis is rejected and that there is evidence of 
a significant difference between the two algorithms. 
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Fig. 10. Box-plots of selected algorithms on 10-fold CV 

 
Table 7. Results (p-values) of Wilcoxon rank sum test for 3-point TSV  

KNN Bag(DT) Bst(DT) Stk(C9) HV(C7) SV(C2) HGB 
KNN - 4.06E-01 1.57E-04 1.57E-04 8.81E-04 2.26E-01 7.28E-03 
Bag(DT) - - 1.57E-04 1.57E-04 1.15E-03 1.12E-01 1.31E-01 
Bst(DT) - - - 1.57E-04 1.40E-02 3.81E-04 1.57E-04 
Stk(C9) - - - - 1.57E-04 1.57E-04 1.57E-04 
HV(C7) - - - - - 4.94E-02 1.57E-04 
SV(C2) - - - - - - 1.50E-03 
HGB - - - - - - - 
Italic numbers indicate that the result is statistically significant at the 0.05 level 

 
Table 8. Results (p-values) of Wilcoxon rank sum test for 7-point TSV  

KNN Bag(DT) Bst(LR) Stk(C2) HV(C7) SV(C2) RF 
KNN - 1.51E-01 1.57E-04 1.57E-04 1.57E-04 5.83E-04 1.26E-02 
Bag(DT) - - 1.57E-04 1.57E-04 1.57E-04 3.81E-04 9.10E-01 
Bst(LR) - - - 1.57E-04 1.57E-04 1.57E-04 1.57E-04 
Stk(C2) - - - - 1.57E-04 1.57E-04 1.57E-04 
HV(C7) - - - - - 1.31E-03 1.57E-04 
SV(C2) - - - - - - 1.57E-04 
RF - - - - - - - 
Italic numbers indicate that the result is statistically significant at the 0.05 level 

 
 The results indicate that the superiority of the 
HGB algorithm for 3-point TSV is statistically 
significant, except for the bagging ensemble 
approach. Regarding the 7-point TSV, while the 
bagging ensemble exhibited a higher average F1 
score compared to the basic ML approach, this 
difference was not statistically significant 

according to Table 7. However, RF stands out as the 
algorithm that differs from the others, except for 
bagging. 
 To gain further insight into these performance 
differences across classes, the confusion matrices 
and class distributions associated with both 
classification tasks were examined. The training 
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and testing confusion matrices for the 3-point and 
7-point TSV classification tasks are presented in 
Figs. 11 and 12, respectively. Label 0 indicates the 
coldest thermal sensation, with higher labels 
corresponding to progressively warmer sensations; 
the label descriptions and class distributions are 
presented in Table 2. 
 In the 3-point classification, the model achieves 
strong performance across all classes, particularly 
on the dominant neutral class. Misclassifications 
primarily occur between neighboring categories 

(e.g., cool side and neutral), which is acceptable 
given the subjective and continuous nature of 
thermal sensation. The test set performance shows 
a similar trend, indicating good generalization. For 
the 7-point classification, the model successfully 
predicts major classes like neutral and slightly 
warm, while performance decreases on rare 
extremes such as cold and hot. Errors are largely 
between adjacent categories (e.g., slightly cool and 
neutral), suggesting that the model preserves 
ordinal consistency even in a more complex setting. 

 

 
Fig. 11. Confusion matrices for 3-point TSV prediction 

 

 
Fig. 12. Confusion matrices for 7-point TSV prediction 
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 These results also reflect the class imbalance 
present in the dataset, which leads the model to 
favor frequently occurring classes. Nonetheless, 
most misclassifications occur between adjacent 
categories, indicating that the model preserves the 
ordinal structure of thermal sensation. Although 
accuracy varies across classes (particularly in the 
more challenging 7-point classification) the model 
demonstrates consistent generalization and 
structure-aware behavior. This suggests it serves as 
a strong baseline for thermal sensation prediction. 
 Overall, the results show that, except for 
AdaBoost, ensemble learning algorithms can 
improve the overall classification performance in 
terms of accuracy, precision, and recall metrics. 
Among the ensemble categories, advanced and 
bagging algorithms achieve higher F1 scores than 
others, with advanced algorithms (HGB and RF) 
outperforming the bagging framework in nearly all 
performance metrics. Additionally, DT is found to 
be the best choice for designing a bagging ensemble 
algorithm. The poor performance of the boosting 
framework (AdaBoost) on the weighted F1 metric 
suggests that this may be due to the extreme 
underrepresentation of the minority class in the 
dataset. Stacking is found to be inferior to other 
ensemble approaches when dealing with this 
imbalanced TSV dataset. The soft voting 
framework is found to be superior to hard voting, 
and taking into account the probabilities predicted 
by each model can lead to more accurate 
classification in TSV prediction. However, voting 
frameworks in general do not perform well in this 
study. When compared to basic ML, the accuracy, 
precision, and recall scores of the ensemble 
approaches are better, while only bagging and 
advanced ensembles outperform basic ML in terms 
of F1 scores. KNN was found to be the best F1 
scorer for both 3-point and 7-point TSV prediction 
among the basic ML algorithms, likely because it 
makes no assumptions about the underlying 
distribution of the data and is therefore effective in 
detecting patterns in the minority class compared to 
boosting and voting ensembles, which may ignore 
the minority class in imbalanced datasets. 
Moreover, the results of the statistical test indicate 

that the advanced ensemble category comprising 
HGB and RF algorithms significantly outperform 
other methods at the 0.05 significance level. 
However, statistical analysis indicates no 
significant difference in performance between the 
bagging ensemble and the basic ML approach. 
Together, based on the experimental results, RF and 
HGB are the most suitable options for developing 
TSV classification applications using machine 
learning due to their superior performance over 
other methods. 
 Regarding the comparison of TSV scale units, 
the performance of ML algorithms for 3-point TSV 
prediction is higher than that of 7-point TSV 
prediction since 3-point classification is relatively 
easier than 7-point classification. Among all basic 
algorithms experimented in this study, KNN shows 
the best performance for both 3-point and 7-point 
TSV prediction with F1 scores of 0.614 and 0.516, 
respectively. Among ensemble ML frameworks, 
boosting (Adaboost) ensemble algorithms provide 
low performance scores for both 3-point and 7-
point TSV prediction. Advanced ensemble ML 
algorithms outperform both basic ML algorithms 
and other ensemble learning frameworks. In 
particular, HGB with F1 score of 0.638, is the best 
performing advanced ensemble ML algorithm for 
3-point TSV prediction whereas, RF with F1 score 
of 0.549, achieves the best performance for 7-point 
TSV prediction. It should be noted that the 
classification accuracy of 0.66 for 3-point and 0.61 
for 7-point TSV may initially appear to be relatively 
low. However, it is important to consider that these 
values can still be deemed successful when 
compared to the respective random choice 
accuracies of 0.33 for 3-point predictions and 0.14 
for 7-point predictions. Furthermore, the absence of 
superior findings in the existing literature serves as 
an indicator that we have encountered avoidable 
bias within the dataset. 

4.6. Importance analysis of variables 
In this study, feature importance values derived 
from the fitted classifier were also analyzed to 
identify the variables that contributed most to the 
prediction of thermal sensation. The analysis 
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obtained via RF represents the relative contribution 
of each variable to reducing classification 
uncertainty, with higher values indicating stronger 
influence. The results (Fig. 13) show that 
environmental variables were the dominant 
predictors of thermal sensation. Indoor air 
temperature (0.1724) and SET (0.1692) emerged as 
the two most influential features, followed by 
relative humidity (0.1514) and air velocity 
(0.1334). Personal variables such as clothing 
insulation (0.1206), age (0.0847), and metabolic 
rate (0.0525) also contributed meaningfully. By 
contrast, contextual variables such as sex (0.0264), 
building type (0.0079), and season (0.0124) had 
only minor influence. These findings are consistent 
with thermal comfort theory, where thermal 
sensation is primarily shaped by indoor climate 
conditions and individual physiological variables, 
while demographic or contextual variables play a 
secondary role. This analysis clarifies how the 
model made its predictions and strengthens 
confidence in the plausibility of the results. 
 
5. Discussion 

5.1. Performance of ML algorithms 
The results of this study demonstrate that ensemble 
learning algorithms, except for AdaBoost, 

significantly improve overall classification 
performance in terms of accuracy, precision, and 
recall metrics. Specifically, advanced ensemble ML 
algorithms (HGB and RF) and bagging frameworks 
achieve higher F1 scores than other methods. This 
observation aligns with existing literature. For 
example, in a recent study, ML algorithms 
including RF and SVM predicted 3-point TSV with 
60 – 66.2% accuracy and 7-point TSV with 50 – 
61.1% accuracy. The results showed that RF 
obtained the best performance, aligning with the 
findings where RF achieves high F1 scores for both 
3-point and 7-point TSV predictions [32]. 
Furthermore, studies applying RF in different 
settings confirmed its strong performance. For 
example, in one study focusing on personalized 
data-driven models using the ASHRAE Global 
Thermal Comfort Database II, RF achieved over 
70% accuracy for thermal preference votes [33]. 
Another study using spatial parameters found that 
RF outperformed other methods, improving 
prediction accuracy by 38.6% when variables like 
distance to windows and AC units were included 
[34]. Similarly, studies investigating demographic 
predictors also identified RF and KNN as the best-
performing algorithms for both thermal sensation 
and thermal satisfaction [35].  

 

 
Fig. 13. Feature importance values of input variables for the RF model 
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Another study found that ensemble learning models 
(DCF and RF) performed better for predicting 
thermal preferences than traditional models such as 
DT, LR and NB [45]. Similarly, RF is highlighted 
as a top performer among ensemble algorithms. 
Additionally, Deep Forest achieved the best 
accuracy of 82%, supporting the observation that 
tree-based models (like RF) excel in predicting 
occupant thermal preference [46]. The boosting 
framework (AdaBoost) performed poorly on the 
weighted F1 metric, likely due to the 
underrepresentation of the minority class. This 
observation is consistent with the finding of 
AdaBoost's lower performance in a recent study 
[67] in which the KNN algorithm outperformed 
other algorithms, including boosting methods, in 
predicting TSV. Stacking was determined to be less 
effective compared to other ensemble methods in 
the context of addressing an imbalanced TSV 
dataset. Additionally, while soft voting 
outperformed hard voting, its overall performance 
was unsatisfactory. This result is consistent with the 
existing literature [22, 68, 69], which indicates that 
stacking and voting frameworks are not typically 
recognized as leading performers in such scenarios. 
KNN was the best F1 scorer for both 3-point and 7-
point TSV prediction among basic ML algorithms. 
This finding is supported by multiple studies where 
KNN outperformed several algorithms, including 
traditional and ensemble methods, particularly for 
3-point and 7-point TSV predictions [22, 23, 45, 67, 
70]. Statistical tests showed that advanced 
ensemble algorithms (HGB and RF) significantly 
outperformed other methods at the 0.05 
significance level, while no significant difference 
was found between bagging ensembles and basic 
ML approaches. This observation is supported by 
several studies [24, 31, 32, 45, 71, 72] in which RF 
and advanced ensemble methods generally 
achieved higher accuracy and F1 scores. In 
summary, the findings align with existing literature, 
particularly regarding the superiority of advanced 
ensemble algorithms like RF and HGB in predicting 
thermal preferences. The consistent observation 
across multiple studies that ensemble methods 
outperform traditional algorithms underscores the 

robustness of the results. However, the study also 
highlights specific limitations, such as the poor 
performance of boosting frameworks like 
AdaBoost and the relative underperformance of 
voting methods, which are crucial considerations 
for future research. 

5.2. Importance of variables in TSV prediction 
In this study, the feature importance analysis 
obtained from RF showed that indoor air 
temperature and SET were the two most influential 
predictors, followed by relative humidity and air 
velocity; among personal variables, clothing 
insulation, age, and metabolic rate had moderate 
contributions, while contextual variables such as 
sex, building type, and season exhibited only minor 
influence. These findings are highly consistent with 
previous research. For instance, Luo et al. [32], 
using the ASHRAE Global Thermal Comfort 
Database II, demonstrated that the most influential 
features in RF models were indoor air temperature, 
SET, RH, air velocity, clothing insulation, age, and 
metabolic rate, while outdoor temperature, season, 
operation mode, sex, and building type played a 
secondary role, which align almost exactly with the 
findings of this study. 
 In naturally ventilated residential buildings, 
Chai et al. [11] confirmed that both indoor and 
outdoor environmental variables and personal 
variables such as CLO and MET significantly 
affected thermal comfort votes, while adaptive 
control measures (e.g., window opening) had a 
limited effect on thermal comfort vote but higher 
impact on TSV. This finding supports the 
importance of environmental and personal 
variables whereas contextual and adaptive variables 
play a situationally dependent secondary role. 
 A systematic review by Mamani et al. [73] 
further underlined that the most frequently used 
variables in thermal comfort modeling are 
environmental variables including air temperature, 
relative humidity, mean radiant temperature, and air 
velocity while clothing insulation and metabolic 
rate remain fundamental. More recent studies also 
highlight the growing role of physiological signals 
(e.g., skin temperature, heart rate, EEG), indicating 
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a trend toward individualized comfort modeling. 
Similarly, Yu et al. [22], in a climate chamber 
experiment, compared professional (high-precision 
physiological sensing) and practical (low-cost 
inputs) setups, finding that skin temperatures were 
strong predictors, while age gained greater 
importance under low-cost and practical scenarios. 
The fact that age emerged as a moderately 
important factor even without physiological inputs 
further confirms that demographic differences still 
have explanatory power. 
 Using a large dataset of 17,814 samples, 
Haghirad et al. [33] showed that expanding feature 
sets beyond classical PMV variables improved 
predictive performance, but also observed that 
climate, cooling strategies, age, and sex were 
weaker than core environmental and personal 
variables, supporting this study’s findings which 
also show that contextual and demographic 
variables play a secondary role . 
 Demographic-focused research by Kocaman et 
al. [35] found that sex, age, and thermal history 
were significant for TSV and satisfaction (TSa), 
whereas education, income, and occupation were 
not significant for TSV, which aligns with this 
study’s finding of low importance for sex in thermal 
sensation prediction. 
 In conclusion, both theoretical and empirical 
findings consistently show that indoor air 
temperature, SET, relative humidity, and air 
velocity are dominant determinants of thermal 
sensation; CLO and MET are the key personal 
variables capturing inter-individual differences; age 
plays a moderate role; and contextual and 
demographic variables such as sex, building type, 
or season generally exert only secondary influence. 
The results of this study are thus both physically 
plausible and well aligned with existing literature, 
reinforcing confidence in the interpretability and 
credibility of the proposed model. 

5.3. Importance of TSV scale units 
In relation to the TSV scale units, the 3-point TSV 
prediction demonstrated higher performance 
compared to the 7-point TSV prediction, 
attributable to the relative simplicity of 3-point 

classification. This observation aligns with existing 
literature [32, 74], which shows that accuracy 
metrics for 3-point and 7-point TSV predictions 
following similar trends, with simpler 
classifications achieving superior performance. The 
findings of this study show that the classification 
accuracy of 0.66 for 3-point and 0.61 for 7-point 
TSV are successful compared to random choice 
accuracies, which are 0.33 and 0.14, respectively. 
Although existing literature indicates that the 
accuracy of 7-point TSV prediction models using 
the ASHRAE Thermal Comfort dataset varies 
between 40% and 60% [32, 45, 46, 75], they also 
report that ASHRAE Global Database poses a 
significant challenge due to its imbalanced dataset 
nature, causing a relatively low accuracy 
performance. The findings of this study indicate 
that ensemble frameworks generally enhance 
performance metrics for TSV prediction on the 
ASHRAE Comfort Database II, although some 
exceptions exist. Notably, in terms of F1 scores, 
advanced ensemble algorithms like RF and HGB 
are preferable choices. It can be concluded that 
ensemble learning serves as a valuable approach to 
address this problem. Given the strong dependence 
of machine learning algorithm performance on the 
underlying data, careful selection among various 
alternatives becomes essential. 
 Overall, the results show clear differences in 
performance between basic ML algorithms and 
ensemble methods for TSV prediction. Among the 
basic algorithms, KNN performed strongly in 
handling imbalanced data for 3-point and 7-point 
TSV classification, due to its non-parametric 
nature, which effectively detects patterns in 
minority classes. However, its ability to capture 
complex relationships is limited compared to 
ensemble methods. Advanced ensemble 
techniques, such as RF and HGB, significantly 
outperformed basic algorithms by combining 
multiple models to achieve higher scores in 
performance metrics. While basic ML algorithms 
offer simplicity and computational efficiency, 
advanced ensemble methods provide greater 
predictive power and robustness, particularly for 
addressing the complexities of TSV prediction data. 
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5.4. Practical implications 
Thermal comfort prediction models have a wide 
range of practical applications in smart buildings, 
where they significantly enhance the functionality 
and efficiency of building management systems. 
One of the most direct applications is in the 
optimization of HVAC systems. Thermal comfort 
models can predict the need for heating, cooling, or 
ventilation in different zones of a building, enabling 
the HVAC system to adjust its output in real-time 
thereby reducing energy consumption while 
maintaining comfort. In addition, these models can 
enable smart buildings to adjust temperature 
settings automatically based on predictive data 
about external weather conditions, the number of 
occupants, and their thermal comfort preferences 
[76]. As a result, thermal comfort prediction models 
integrated into building automation systems can be 
beneficial for real-time control and optimization of 
HVAC operations. Thermal comfort prediction 
models can also be integrated into occupancy 
sensors to adjust the temperature in real-time based 
on the number of people in a room, which means 
that energy is not wasted heating or cooling 
unoccupied or partially occupied spaces [77–79]. 
As another example, the system can dim lights in 
cooler areas to reduce heat emission or increase 
natural lighting to warm up a space, enabling a 
more holistic approach to smart building 
management [80–82]. Subsequently, the 
implementation of closed-loop control strategies 
that dynamically adjust building systems can 
maintain desired comfort levels while minimizing 
energy consumption. During the design and 
construction phases, thermal comfort prediction 
models can help architects and engineers make 
informed decisions about building orientation, 
materials, and systems, ensuring that the new 
building is capable of maintaining thermal comfort 
efficiently [83]. By maintaining an optimal thermal 
environment, these models contribute to the health 
and productivity of the building's occupants. In 
essence, thermal comfort prediction models are 
pivotal in the operation of smart buildings, 
providing a data-driven approach to managing 

comfort and energy use, which aligns with modern 
sustainability and efficiency goals [84–87]. 
Recently, efforts to control HVAC consumption 
systems in buildings are progressing at full speed 
[88–92]. The primary goal while managing HVAC 
systems is to ensure the maximum thermal comfort 
for the occupants whilst keeping the building's 
energy consumption at a minimum. Achieving this 
goal necessitates the most accurate prediction of the 
occupants' thermal comfort. To this end, data 
collected from the building, its surroundings, and its 
occupants through Building Management Systems 
(BMS), IoT technologies, and surveys are utilized 
to execute a thermal comfort prediction model. 
Within this context, the importance of thermal 
comfort prediction models cannot be overstated. It 
serves as a bridge between energy efficiency and 
occupant comfort, two critical aspects of modern 
building design and operation. By accurately 
predicting thermal comfort, building managers can 
make informed decisions about adjusting the 
HVAC settings, thereby avoiding unnecessary 
energy use while ensuring that the occupants' 
comfort is not compromised. This not only leads to 
significant energy savings but also enhances the 
well-being and productivity of the occupants, as 
they experience an environment that is tailored to 
their comfort needs. In summary, the thermal 
comfort prediction model is a cornerstone of 
sustainable building management. It exemplifies 
how cutting-edge technology can be harnessed to 
create buildings that are not only energy-efficient 
but also provide a comfortable and conducive 
environment for their occupants. The ongoing 
advancements in this field are paving the way for 
smarter, more responsive buildings that are in tune 
with the needs of their occupants while also 
contributing to the broader goals of energy 
conservation and environmental sustainability. Fig. 
14 illustrates the integration of occupant thermal 
comfort prediction models with HVAC systems in 
buildings. It includes a detailed diagram showing 
the flow of information between data collection (i.e 
via sensors, BMS), prediction models, and the 
HVAC system. 
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Fig. 14. Diagram for integrating thermal comfort prediction models with HVAC systems in smart buildings 
 
6. Conclusion 
In this study, four ensemble ML frameworks 
(bagging, boosting, stacking, and voting), six basic 
ML algorithms (LR, KNN, SVM, DT, MLP, 
MNB), and six advanced ensemble ML algorithms 
(RF, ROF, XT, GB, HGB, XGB) were 
systematically compared for 3-point and 7-point 
TSV prediction using the ASHRAE Comfort 
Database II. Our comprehensive analysis provided 
valuable insights into the relative performance of 
these models under different scenarios. 

 For 3-point TSV prediction, the F1 score ranged 
between 0.379 and 0.614, while for 7-point TSV 
prediction, it ranged between 0.379 and 0.516. 
Among basic ML algorithms, KNN consistently 
achieved the highest F1 scores, while MNB showed 
the lowest performance. Bagging ensemble 
frameworks significantly improved DT’s 
performance, though gains were limited for other 
models. Boosting frameworks showed variable 
results, with the boosting DT performing best for 3-
point TSV, while SVM retained its performance 
under boosting. Stacking frameworks improved 
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performance, particularly in 3-point TSV. Soft 
voting ensembles also outperformed hard voting, 
especially for 7-point TSV. Overall, advanced 
ensemble algorithms outperformed basic 
algorithms, with XT, HGB, and RF achieving the 
best performances across different metrics. 
Notably, HGB and RF significantly outperformed 
all other methods at the 0.05 significance level. 
 Practical implications are particularly 
significant. Integrating the best-performing models 
(HGB and RF) into BMS and HVAC control 
platforms can enable real-time prediction of 
occupants’ thermal comfort, allowing for dynamic 
adjustment of heating, cooling, and ventilation in 
different zones of a building. This would reduce 
unnecessary energy use while maintaining comfort, 
contributing to both sustainability and occupant 
well-being. In addition, practitioners such as 
facility managers  and building owners can embed 
ensemble ML models in smart sensors and IoT-
based monitoring systems to provide adaptive, 
closed-loop HVAC control strategies. These 

models can guide practitioners to optimize 
setpoints, integrate occupant feedback, and balance 
comfort with energy savings. Policymakers and 
standards bodies may also leverage such models to 
update building codes, moving toward 
performance-based regulations that incorporate 
data-driven comfort predictions. 
 In summary, the findings highlight that 
advanced ensemble ML algorithms not only 
enhance prediction accuracy but also provide 
actionable tools for practitioners to improve 
building performance. Future research should focus 
on testing these models in real-world building 
environments, expanding datasets with diverse 
demographic and contextual features, and exploring 
hybrid frameworks that combine physics-based and 
data-driven approaches. Such efforts will help 
bridge the gap between theoretical performance and 
large-scale deployment, ensuring that ML-driven 
comfort models become a cornerstone of 
sustainable and human-centered building 
management. 
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