
Nikolopoulou, Marialena, Rodríguez-Gallego, José-Antonio, Diz-Mellado, Eduardo, 
Chacón-Rebollo, Tomás, Rivera-Gómez, Carlos and Galán-Marín, Carmen (2026) 
Upgrading UTCI through supervised learning using the RUROS dataset.  Energy 
and Buildings . ISSN 0378-7788. 

Kent Academic Repository

Downloaded from
https://kar.kent.ac.uk/115399/ The University of Kent's Academic Repository KAR 

The version of record is available from
https://doi.org/10.1016/j.enbuild.2026.117175

This document version
Publisher pdf

DOI for this version

Licence for this version
UNSPECIFIED

Additional information

Versions of research works

Versions of Record
If this version is the version of record, it is the same as the published version available on the publisher's web site. 
Cite as the published version. 

Author Accepted Manuscripts
If this document is identified as the Author Accepted Manuscript it is the version after peer review but before type 
setting, copy editing or publisher branding. Cite as Surname, Initial. (Year) 'Title of article'. To be published in Title 
of Journal , Volume and issue numbers [peer-reviewed accepted version]. Available at: DOI or URL (Accessed: date). 

Enquiries
If you have questions about this document contact ResearchSupport@kent.ac.uk. Please include the URL of the record 
in KAR. If you believe that your, or a third party's rights have been compromised through this document please see 
our Take Down policy (available from https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies). 

https://kar.kent.ac.uk/115399/
https://doi.org/10.1016/j.enbuild.2026.117175
mailto:ResearchSupport@kent.ac.uk
https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies
https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies


Upgrading UTCI through supervised learning using the RUROS dataset

José-Antonio Rodríguez-Gallego a , Eduardo Diz-Mellado b , Marialena Nikolopoulou c,  
Tomás Chacón-Rebollo d, Carlos Rivera-Gómez e, Carmen Galán-Marín e,*
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A B S T R A C T

Outdoor thermal comfort (OTC) plays a key role in climate-resilient urban planning, but widely used indices such 
as the Universal Thermal Climate Index (UTCI) are constrained by their complex thermophysiological formu
lations and limited interpretability. This paper proposes an explainable Machine Learning (ML) framework for 
binary OTC classification based on the RUROS dataset, which contains 6,079 valid questionnaire responses from 
seven European cities. By substituting thermoregulatory simulations with a data-driven methodology, this study 
offers a transparent tool that clarifies how environmental variables shape human thermal perception. We 
assessed 36 distinct workflows in seven cities, comparing inherently interpretable models such as Logistic 
Regression and Decision Trees against standard baselines. By validating on cities that were held out during 
training, we confirmed that the model generalizes well to varied climatic conditions. Our final recommendation, 
a Naïve Bayes model with Downsampling (NBD), relies on air temperature, wind speed, and relative humidity to 
estimate comfort probabilities. The NBD model outperforms the UTCI, reaching a balanced accuracy of 0.611 
versus 0.585 for the index. Statistical verification using Wilcoxon signed-rank tests and bootstrap confidence 
intervals shows that this advantage is both consistent and meaningful. In addition to higher predictive accuracy, 
NBD provides a probabilistic framework that enables urban planners to map heat-risk areas in terms of likelihood 
rather than relying on fixed thresholds. Together, these results underscore the promise of explainable ML for 
delivering more flexible and dependable evaluations to support well-being in public urban environments.

1. Introduction

Thermal comfort is a critical aspect of human well-being, influencing 
health, productivity, and overall quality of life [1,2]. It refers to the state 
in which individuals feel neither too hot nor too cold, experiencing 
thermal neutrality, a concept which is particularly relevant in urban 
planning, architecture, and occupational health, where maintaining 
optimal thermal conditions can improve comfort, reduce energy con
sumption, and enhance performance [3,4].

1.1. Research context

In the last few years, thermal comfort has evolved from being an 
important issue to a critical one for human well-being [5]. One of the 
most evident effects of this evolution is the exacerbation of the 

phenomenon known as Urban Heat Island (UHI) [6], marking the effect 
the thermal conditions can have over high-density centers, such as cities. 
This problem is especially relevant when considering the deadly effect it 
can have on children and elderly people [7,8].

Therefore, the analysis and development of classification and pre
diction models for outdoor thermal comfort is key, providing reliable 
tools for an appropriate assessment and treatment of this problem. Since 
their introduction, comfort indices have addressed this task, providing 
such an assessment under variable circumstances [9]. Examples of 
frequently used indices include the UTCI [10] and PET [11], which 
allow users to understand climatic adaptation from an urban and per
sonal perspective. The usage of these indices has been further expanded 
with machine learning models [12], combining model-based ap
proaches, the indices, with data-driven models.
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1.2. Literature review

The complexity of thermal comfort arises from the interplay of 
multiple environmental and personal factors. Air temperature, relative 
humidity, wind speed, and mean radiant temperature (MRT) all influ
ence perceived comfort, but so do individual characteristics such as 
metabolism, clothing insulation, and personal acclimatization[13]. 
Psychological and behavioral aspects further add to this complexity, as 
individuals adapt to different thermal conditions based on expectations 
and past experiences [14]. Given these intricate interactions, appro
priate assessing thermal comfort requires accurate tools, which can be 
divided into two main groups: indices, mathematical models that pro
vide a fast and reliable estimation of the human response under a set of 
conditions; and the advanced modelling techniques, such as Machine 
Learning (ML).

1.2.1. Outdoor thermal comfort indices
The evaluation of OTC is typically based on quantitative indices that 

transform environmental variables into interpretable metrics, repre
senting human thermal stress. The need for specific indices rises from 
the profound differences with conventional indoor comfort models 
[13,14]. Within this framework, OTC indices seek to combine the main 
microclimatic elements —usually air temperature, mean radiant tem
perature, wind speed, and humidity— with models of human heat ex
change to approximate perceived OTC [11,15]. These based indices are 
conceptually distinct from subjective, survey-derived metrics such as the 
Thermal Sensation Vote (TSV) or Thermal Comfort Vote (TCV), which 
quantify reported perception rather than simulated physiological 
response [16,17]. Although both viewpoints are informative, index- 
centered approaches offer a standardized basis for comparison across 
locations and for model development, explaining their predominant use 
in OTC research.

The categorization of OTC indices is commonly guided by modeling 
philosophy and primary application domain [15]. Early empirical or 
statistical indices are based on observed correlations and have limited 
physiological foundation, whereas energy-balance formulations—most 
prominently the Predicted Mean Vote (PMV)—represent steady-state 
heat transfer and were originally designed for controlled indoor envi
ronments [18,19]. More recent thermophysiological or heat-balance 
indices build on this framework to address outdoor contexts. PET 
(Physiological Equivalent Temperature) translates a given outdoor 
exposure into an equivalent indoor thermal condition using the Munich 
Energy-balance Model, which facilitates intuitive interpretation but 
depends critically on precise estimation of radiative fluxes [11,20]. SET 
(Standard Effective Temperature) uses a two-node thermophysiological 
representation to quantify equivalent comfort under standardized 
reference conditions, making it applicable to both indoor and semi- 
outdoor settings [21,22]. The Universal Thermal Climate Index (UTCI) 
is a more recent development explicitly aimed at outdoor evaluation, 
integrating detailed thermophysiological modeling with dimensionality 
reduction techniques to yield a computationally efficient index based on 
four climatic parameters [10,23]. Taken together, these indices vary in 
their foundational assumptions, their responsiveness to mean radiant 
temperature, and their appropriateness for non-steady, outdoor thermal 
environments.

These indices involve trade-offs between how realistic, interpretable, 
and practical they are. Indices originally developed for indoor envi
ronments, such as PMV, benefit from formal standardization, yet their 
validity decreases under dynamic outdoor conditions, where variations 
in solar radiation and wind play a dominant role in shaping thermal 
sensation [24,25]. PET and SET offer a more detailed representation of 
human thermophysiology but are highly sensitive to the accurate spec
ification of environmental inputs, especially radiative fluxes [26]. UTCI 
has gained prominence as a de facto reference index in OTC research 
because it is explicitly designed for outdoor use, has been empirically 
tested in a wide range of climatic settings, and requires a relatively small 

number of meteorological variables, which facilitates consistent com
parison across studies [9,23]. However, the intricate modeling frame
work from which UTCI is derived, together with its generalized 
treatment of inter-individual differences, can make the index less 
transparent and harder to interpret [27,28]. These issues, as a result, 
motivate the exploration of complementary data-driven methods, 
retaining physical meaning while improving interpretability and 
flexibility.

1.2.2. The UTCI index
The Universal Thermal Climate Index (UTCI) [10] is a widely used 

metric for evaluating Outdoor Thermal Comfort (OTC) by integrating 
both environmental and physiological factors [23]. As it only requires 
the use of four climatic variables, it has been widely used for the 
assessment of human thermal comfort across different climatic condi
tions, as well as by meteorologists [9,29,30]. UTCI has become the de 
facto tool for addressing OTC, as compared to other outdoor indices, 
such as PET [11,31], as research indicates that thermophysiological 
models similar to UTCI provide better alignment with actual human 
thermal responses in outdoor settings, and on most occasions it provides 
a more accurate result, being an index only intended for outdoor envi
ronments [24,25,32]. For instance, Tseliou et al. [25] discovered that 
indices based on energy balance slightly surpassed entirely empirical 
methods, and Cureau et al. [32] showed that sophisticated thermoreg
ulatory modeling significantly improves the precision of estimating 
human thermal stress outdoors. This has been the case even compared to 
modified versions of other indices, such as in the case of the modified 
bioheat equation for the PET index [20,33] or for the SET index [22].

Beyond objective thermal indices, studies of outdoor thermal com
fort frequently rely on subjective indicators such as the Thermal 
Sensation Vote (TSV) and Thermal Comfort Vote (TCV), which reflect 
individuals’ perceived thermal experiences using ordered categorical 
scales. While these indicators offer valuable insight into human-centered 
thermal perception, they also increase modeling complexity. In this 
work, we employ a binary comfort formulation to ensure compatibility 
with inherently interpretable classifiers and to yield straightforward 
probabilistic predictions. Extending the proposed approach to multi
nomial TSV or TCV classifications represents an important avenue for 
future research.

UTCI was developed [10]using as foundations Fiala’s biothermal 
model [34,35], which was itself created atop Pennes’ bioheat equation, 
built over a sample made out of only men [36]. Therefore, even if it 
considers internally non-climatic factors such as height, weight, age or 
clothing, both the simplification that arises from obtaining the UTCI 
from Fiala’s model using a Principal Component Analysis (PCA), as well 
as the original bias from the dataset, resonate in its limitations from 
accurately predicting thermal comfort in women [18,24] and in non- 
American people [25,37]. As a result, UTCI is indeed a suitable option 
compared to other indices [38], but it admits improvements addressing 
these population sectors, as seen in the cited references.

In addition to index-based approaches such as UTCI, simulation- 
driven frameworks have also been proposed to represent microcli
matic conditions and human thermal comfort at fine spatial resolution. 
SOLWEIG [39], for example, employs a detailed physiological frame
work to simulate individual thermoregulatory responses in outdoor 
environments, whereas ENVI-met [40] is a three-dimensional compu
tational fluid dynamics model that evaluates urban microclimates by 
incorporating airflow dynamics, radiative exchange, and surface
–atmosphere interactions. Although these models offer detailed insights 
into localized thermal environments and effectively complement index- 
based approaches, their high computational demands and model 
complexity limit their suitability for large-scale or comparative analyses. 
By using UTCI as a widely recognized and standardized reference, this 
study enables the evaluation of machine learning models while preser
ving methodological simplicity and ensuring reproducibility.
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1.2.3. Machine learning methods
Even if the UTCI index is the most widely used classification tool for 

outdoor thermal comfort [9], in recent years many researchers have 
been using Machine Learning (ML) methods to improve the accuracy of 
not only the UTCI [41], but also other indices while providing a com
parison [42], such as the case for the PET [20,33] and the SET indices 
[22]. For the UTCI, both Linear Regression models [38] as well as the 
Multi-Layer Perceptron [43] have been used [44], partially increasing 
the accuracy of the model. Other models such as Random Forest [45] or 
Extreme Gradient Boosting [46] have been also used [47], as well as a 
combination and comparison of many [48,49]. The fine-tuning that 
these models allow have not been extensively analyzed, like in adjacent 
areas that also care for classification, such as thermography and thermal 
anomaly detection [50–52], building design and structure detection 
[53,54] and indoor thermal comfort [55,56].

The problem with these models, and something rooted in the area 
when applying ML techniques, is that the chosen models have a low 
explainability [57], which combined with the relatively low accuracy 
they provide does not help assess which variables affect and in which 
way the perception of thermal comfort. This is more accentuated when 
using Deep Learning techniques, which even if providing accurate re
sults for thermal comfort classification [58–61] they do not explain their 
inner behavior. To soften this issue, some researchers have been using 
the Shapley values [62] to provide a layer of explainability for their 
models, such as in the case of [63] and [27]. Notice, however, that due 
to the generality of the Shapley values, specific information from the 
chosen model is not exploited, as in the case of black box models such as 
Random Forest, Extreme Gradient Boosting or the Multi-Layer Percep
tron, models that have provided results more accurate than those of the 
OTC indices when predicting the OTC classification [44,48,49].

1.3. Research gap

A notable limitation of UTCI is its limited inherent interpretability, as 
its generalized formulation obscures the influence and relative impor
tance of individual variables [28]. Although the index is derived from 
only four environmental parameters—air temperature, mean radiant 
temperature, wind speed, and relative humidity—its computation fol
lows a highly complex methodological process [23]. This process in
volves dimensionality reduction using Principal Component Analysis 
(PCA) and a fifth–order polynomial regression applied to the first prin
cipal component, yielding an expression comprising 109 terms. Such 
complexity restricts the direct interpretation of how each input variable 
contributes to the final thermal comfort classification [27]. While 
post–hoc approaches, including sensitivity analysis and explainable 
artificial intelligence methods such as SHAP, can be employed to explore 
variable effects, they require additional analytical layers beyond the 
index formulation. In contrast, the framework proposed in this study 
offers built–in interpretability, enabling the direct examination of how 
individual environmental variables influence comfort predictions and 
supporting a more transparent understanding of outdoor thermal 
perception.

1.4. Objectives & main contributions

In this paper, our objective is to present an alternative model for 
Outdoor Thermal Comfort (OTC) classification using the same variables 
as the UTCI index, in the binary case, i.e., predicting either “comfort” or 
“discomfort”, as well as their probability. UTCI was chosen over other 
options because of its extended use, despite the mentioned limitations. 
To achieve this, we used Machine Learning (ML) explainable models and 
techniques that exploited the RUROS dataset [64], therefore generating 
a classifier that provided both accurate and interpretable results. With 
this, our model can not only provide a prediction of the expected com
fort, but also an explanation for its classification, while obtaining 
increased accuracy capabilities for binary outdoor thermal comfort 

classification. Notice that our approach does not share the thermophy
siological bases in which the UTCI is founded, using instead a data- 
driven approach by means of the RUROS dataset. It is noteworthy that 
binary classification is considerably different from the equivalent tem
perature that the UTCI provides or the UTCI categories of classification 
built over it, but it was chosen due to the use of some ML techniques, 
which only allow binary classification, and particularly Naïve Bayes, the 
best-behaving model.

The RUROS dataset was one of the presented results of the homon
ymous project [17], and it provides a throughout set of measurements 
for key variables, both climatic, personal and morphological. The 
RUROS project itself proposed models for evaluation of the microclimate 
of open spaces and the resulting thermal visual and audible comfort 
conditions for the people using these spaces; a methodology for devel
oping comfort maps for the area, and design guidelines for the devel
opment of open spaces. The open-source data was originally published 
in 2004 on the website of the Centre for Renewable Energy Sources. This 
database includes all the raw data from extensive outdoor comfort 
surveys conducted across seven European cities (Athens (GR), Thessa
loniki (GR), Milan (I), Fribourg (CH), Kassel (D), Cambridge (UK) and 
Sheffield (UK), between July 2001 and March 2002.

To develop our classifier over it, we considered 7 models, 6 pre
processors, and the fine-tuning of the resulting model combinations. 
With this approach, we present a way of crossing state-of-the-art Ma
chine Learning (ML) tools with an appropriate dataset for an explainable 
ML model with improved prediction capabilities. Our final model, the 
Naïve Bayes with downsampling, provided a balanced accuracy of 0.611 
for binary OTC prediction, while at the same time showing its suitability 
for real-world use based on comfort probabilities. This model obtained 
better results in most metrics over the UTCI, PET and PMV indices, as 
well as results comparable to those of the Random Forest and Extreme 
Gradient Boosting, and outperforming the other explainable ML options.

1.5. Paper structure

The structure of this paper is organized as follows: Section 1 in
troduces the research context, presents a review of relevant literatur
e—including the UTCI index and recent machine learning (ML) 
methods—identifies the research gap, and outlines the main contribu
tions. Section 2 describes the materials and methods used in this study, 
beginning with an overview of the RUROS project, followed by a 
detailed explanation of the ML models, preprocessing techniques, and 
hyperparameter tuning procedures that have been used. The main re
sults and their discussion are presented in Section 3, where we analyze 
the performance of the proposed model, explore its interpretability, and 
compare it against the UTCI-based classification. Finally, Section 4
summarizes the main achievements of the study and outlines possible 
paths for future work.

2. Materials & methods

2.1. The RUROS project

The RUROS (Rediscovering the Urban Realm and Open Spaces) 
project was a large-scale European project from 2001 to 2004, aiming to 
develop tools and guidelines for the analysis of open spaces in the urban 
environment [65], combining the physical environment (i.e. microcli
mate, thermal, visual and audible comfort, urban morphology, etc.) with 
user requirements and satisfaction [66].

By integrating these tools, RUROS aimed to inform the design and 
transformation of urban spaces into more sustainable and resilient en
vironments. One of the key outputs of this project was the RUROS 
dataset [17], sharing the data harvested from the extensive field surveys 
conducted across different European cities during the project, to support 
future studies of OTC, e.g., [67,68].

The RUROS dataset is a comprehensive collection of thermal comfort 
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data, containing 9,271 observations across 58 variables, for 7 cities, 
representing different participants, as shown in Table 1. The surveys 
were carried out between 2001 and 2004 in seven European cit
ies—Athens, Cambridge, Fribourg, Kassel, Milan, Sheffield, and The
ssaloniki. Its multi–city scope enables the examination of thermal 
comfort patterns across a wide range of climatic contexts, thereby sup
porting the robustness and generalizability of subsequent model evalu
ations. It is important to mention that, out of the 9,271 samples, we 
executed a filter, keeping 6,079, 65.57% of the total. To do so, rows with 
one or more missing values were removed. This filter was done to ensure 
data stability and comparability across multiple experiments.

2.1.1. Available variables
This dataset offers a comprehensive basis for analyzing how envi

ronmental and personal factors shape thermal perception in outdoor 
urban environments. It includes a wide range of key demographic 
variables [69] (e.g., age, sex, nationality, education, occupation, local 
residency), behavioral factors (e.g., clothing insulation, metabolic rate, 
activity level, food and drink consumption), and environmental pa
rameters (e.g., air temperature, wind speed, humidity, MRT), all of 
which are crucial for thermal comfort assessment [23].

In addition, it captures subjective perceptions, such as comfort, 
thermal sensation, glare, sound, and visual conditions, along with social 
and contextual information like reasons for being at the site, previous 
location, and frequency of use. This diversity of variables allows for 
detailed analysis of thermal comfort across different urban settings and 
population groups. In our case, we will focus on environmental variables 
Tair, Tglobe, Wind_sp, Rh; as well as the City and the Heat variables, as 
they will be the only ones required for the development of our models 
and their comparison with the UTCI classification. Before choosing the 
final variables, a Random Forest model was trained and fine-tuned with 
only these variables and compared to another trained over all available 
variables in the dataset. The results showed that the increase in accuracy 
was less than 0.05, justifying the selection of the variables.

Specifically, the RF model trained with only the selected variables 
(Tair, Tglobe, Wind_sp, Rh) achieved a balanced accuracy of 0.66, while 
the RF model trained with all 58 available variables —after filtering 
uninformative ones such as Date or City— reached 0.69. Given the 
marginal improvement of 0.03, we concluded that the selected subset 
sufficiently captures the key determinants of outdoor thermal comfort 
while reducing model complexity and maintaining interpretability.

2.1.2. Target variable and classification approach
All analyses conducted in this study utilize the filtered RUROS 

dataset encompassing the seven cities over the 2001–2004 period, 
thereby ensuring consistency in both model training and evaluation. 
From the OTC point of view, the most relevant variable is the Heat 
variable, which represents the Actual Sensation Vote (ASV), ranging 
from − 2, “very cold”, to 2, “very hot”, given by the participants. For our 
purposes, as we intend to use several ML models that can only process 
binary classification, such as the Logistic Regression (LR), the Naïve 
Bayes (NB), the Linear Discriminant Analysis (LDA) and the LASSO 
models, the Heat variable had to be transformed into a binary one, with 
the loss in information this carries. How to choose this transformation 

was key, as it would affect our methodology overall.
It should be highlighted that perceived OTC traditionally has been 

codified, in terms of UTCI, as a multiclass variable with 11 categories. 
The reduction to a binary variable —“comfortable” versus 
“uncomfortable”—, therefore, is an important simplification, as we lose 
the gradient of possibilities to identify different levels of discomfort. The 
reduction in complexity was motivated by both methodological and 
interpretive factors: binary classifications enable more stable model 
training, improve clarity in explanation, and enhance generalization. 
This is especially beneficial when employing interpretable machine 
learning techniques, which often suffer in terms of precision and 
transparency with increased class complexity.

To do so, we propose the Thermal Comfort (TC) variable as our 
objective variable, with a value of 1 when the answer given by the 
participant represented “Thermal Comfort” and 0 otherwise. To imple
ment this codification in the RUROS dataset 3 main options appear for 
this binary recodification: 

1. Defining TC as 1 when ASV is 0, “Thermal neutrality”, and 
0 otherwise.

2. Defining TC as 1 when ASV is between − 1, “cold”, and + 1, “warm”, 
and 0 otherwise.

3. Directly using the Comfort variable, which was already binary, the 
answer to the question “perception of comfort”.

To assess which one of these possibilities was the more reliable one, 
we analyzed the distributions of the derived TC variables. We compared 
these three codifications among them, i.e., options 1 and 2 (TC1, TC2) 
and Comfort variable by itself. To execute this comparison, we deployed 
Fisher’s Exact Test [70] and McNemar’s Test [71], which regardless of 
the TC definition, consistently showed statistically significant differ
ences for each pairwise comparison, with p-values below 10− 16. 
Therefore, the conclusion given by these tests was that the distributions 
of all three variables were different in a statistically significant manner, 
and not even the Comfort variable, that could have been used to double- 
check the other TC variables, could be used to do so, at least not using 
the proposed definition.

In particular, the differences between Comfort and the TC variables 
as presented could be explained by the difference between thermal and 
general comfort, highlighting the subjectivity of thermal comfort. 
Therefore, and not having statistically significant results to use one 
variable or the other, we decided to use the “strict” definition for the TC, 
previously presented as TC1, because it provided a codification of OTC, 
as “thermal neutrality”, i.e., a value of zero for ASV, which clearly 
represented a situation of thermal comfort, compared to ranges that 
could be considered as discomfort, for TC2, or not necessarily related to 
thermal comfort, as for the Comfort variable.

This binary approach is stricter than the classical one, in which OTC 
is classified into an ordered set of categories [11,23] for different ranges 
of comfort. However, it allows us to use certain models which would be 
impossible to deploy, and that will be shown in the following sections 
that are appropriate for this task. However, it is worth noting that while 
the UTCI index uses an equivalent temperature and from it a classifi
cation using ranges, in our case we will only use the binary classification 
for the reasons presented before, therefore addressing a subtask of OTC 
classification.

Regarding the comparison with the UTCI index, that will appear in 
Section 3.3, it is important to mention that, just as with the Heat vari
able, a binary recodification must be done for comparison. Therefore, 
using the UTCI classification, values labeled as “no thermal stress” are 
translated to “comfort“, while all other values are considered discomfort. 
For completeness, we also include a broader UTCI comfort definition, 
the “extended UTCI” where UTCI classifications values span across 
“slight cold stress”, “no thermal stress”, and “moderate heat stress” are 
grouped under comfort. Effectively, this recodification means that our 

Table 1 
Number of entries and percentage of comfort (comfort answers / total answers) 
by city in the RUROS project.

City Number of entries Percentage Percentage of comfort

Athens 1203 19.79 43.22
Cambridge 525 8.64 18.09
Fribourg 1313 21.60 46.91
Kassel 441 7.25 71.20
Milan 777 12.78 64.61
Sheffield 308 5.07 33.44
Thessaloniki 1512 24.87 34.26
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UTCI range of comfort is, in UTCI terms, between 9 ◦C and 26 ◦C, and in 
the extended UTCI case, between 0 ◦C and 32 ◦C.

2.2. Machine learning

To develop our model, we crossed traditional elements of machine 
learning within the tidymodels framework [72], in the R language, after 
the proper processing of the RUROS using the Tidyverse framework 
[73], to provide a robust workflow for testing our configurations. Our 
workflow for model selection included bootstrap resampling, pre
processing techniques for data imbalance, model selection and hyper
parameter fine-tuning through specific metrics. As a result, we obtained 
our proposed model, which we will study in Section 3.

2.2.1. Approach summary
We selected our final workflow, the combination of the model and 

the preprocessor, by means of the following procedure, using two 
different phases: one for selecting the best behaving model and a second 
one for giving the obtained metrics and the final training of the most 
suitable model.

In the initial phase, we followed the steps outlined in Fig. 1 to cross- 
validate the workflow and the chosen model for different combinations 
of cities. This involved using the candidate models and preprocessors for 
a final cross-validation using the entire dataset, which was split into 
train and test sets. It is worth noting that we considered six different 
combinations of train/test splits, manually leaving cities not included in 
the training dataset for testing purposes. The selection of the split ratio 
was based on a 70:30 ratio between the train and test sets, as suggested 
in previous studies [74–76]. Other works in literature have also 
employed similar ratios [12]. Our goal was to select the most suitable 

and general model, taking into account the variability of the dataset. We 
crossed each of the six models with each of the six possible pre
processors, resulting in a total of 36 workflows for initial testing. Each 
workflow, particularly each model, was fine-tuned to obtain the best 
possible configuration of the models' hyperparameters using a grid of 
size 10. We obtained key metrics such as balanced accuracy, recall, and 
specificity using bootstrap resamples and ordered the workflows based 
on their highest balanced accuracy.

In the second phase, that would give us our final proposal, our 
dataset was divided into a training set and a test set, using a ratio of 
70:30 over the whole dataset. Then, the models and preprocessors that 
gave us the best results in the previous steps would be the ones chosen 
for the final model.

2.2.2. Models
Focusing on the proposal of possible interpretable alternatives to the 

UTCI index, we chose the models shown in Table 2. Even if other models 
such as Random Forest or XGB have provided better results in the area 
[12,48], the possibilities they provide towards explainability are 
reduced, and even with the aid of Shapley values interpretability is still 
narrow [63], compared to that of models which are explainable by 

Fig. 1. Model development and calibration workflow. Key steps of the proposed approach are shown, including city–based model evaluation, selection of optimal 
model–preprocessing combinations, and final calibration of the Naïve-Bayes model with downsampling.

Table 2 
Chosen interpretable models.

Name Codification Name Codification

Logistic Regression LR Decision Tree DT
Lasso Logistic 

Regression
Lasso Linear Discriminant 

Analysis
LDA

Naïve Bayes NB Logistic Generalized 
Additive Model

GAM
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themselves. For completeness, some results regarding the use of these 
models over our dataset are included.

Therefore, we prioritized models that offer inherently interpretable 
behaviors, such as coefficients (as in Logistic Regression, Ridge and 
Lasso Regression, or Generalized Additive Models), decision rules (as in 
Decision Trees or RuleFit), and additive factors (as in Linear Discrimi
nant Analysis). These models allow for a more transparent and direct 
understanding of the relationships between variables and outcomes, 
something that would be impossible using other options such as RF or 
XGB [57]. For a complete description of these methods one can consult 
[77,78].

After the process presented in the previous section, the model that 
provided the best results was the Naïve Bayes model, with a bootstrap- 
estimated balanced accuracy of 0.610 and a balanced accuracy of 0.611 
over the test set.

2.2.3. Preprocessing
For each model and workflow, a corresponding preprocessing recipe 

(in the terms used by the Tidymodels framework) was selected. In total, 
6 preprocessing options were considered, with 5 of them derived from 
the basic one, including as a variation the balancing methods. The basic 
preprocessing steps included zero-variance and near-zero-variance fil
ters, as well as the normalization of all variables.

Due to the data imbalance, shown in Table 3, it was key to test 
whether some upsampling or downsampling method could provide an 
increase in accuracy, so we added the resampling steps associated with 
the Random Over-Sampling Examples (ROSE) [79], the Adaptive Syn
thetic Algorithm (ADASYN) [80], the Synthetic Minority Oversampling 
Technique (SMOTE) [81] algorithms and the basic upsampling and 
downsampling methods [72], in all cases using an over ratio of 0.75. A 
summary of the preprocessing steps can be found in Table 4Table, which 
were implemented using the Themis package [82].

2.2.4. Metrics
To evaluate model performance, various metrics were computed, 

such as balanced accuracy (BACC), accuracy, precision, recall, and 
specificity. These complementary metrics collectively offer a thorough 
insight into model performance regarding different types of errors. For a 
complete description for each metric, one can go to [83]. Balanced ac
curacy (BACC) was used over the traditional accuracy (ACC) because of 
data imbalance. While accuracy takes into account the overall correct 
predictions, it can be misleading if one class is dominant. BACC, defined 
as the average of recall and specificity, assigns equal importance to both 
classes, yielding a more reliable performance measure under imbal
anced conditions, as shown in Table 1.

2.2.5. Fine-tuning
For all possible workflows it was key to do a fine-tuning step so that 

the best combination of hyperparameters was chosen. For each model, 
the list of available hyperparameters can be found in Table 5. During this 
step, using the bootstrap metrics for each workflow the best hyper
parameters were chosen, using a grid of size 20 in a suitable range, as in 
[72]. We considered other metrics to guide our workflows, but the data 
imbalance showed us that using any other metric but the balanced ac
curacy provided extremely biased workflows, that would either answer 
always “Comfort” or “Discomfort”.

2.2.6. Workflows
Up to this point, the proposed workflows served as an integrated 

framework to evaluate different combinations of models and pre
processors under the same conditions, for different sets of test cities. 
Through cross-validation and fine-tuning, each workflow was assessed 
using balanced accuracy. Following this approach, we obtained the re
sults shown in Table 6, from which our resulting workflow was 
composed of the Naïve Bayes model with the downsampling prepro
cessor. In that table we can see that, for the chosen metric, the balanced 
accuracy, almost all workflows, after fine-tuning, showed similar results. 
Therefore, it was key to analyze other metrics, to provide a reasoned 

Table 3 
Data imbalance in the RUROS with stratified cross-validation.

Subset Comfortable? Recount Proportion

Train No 2558 0.56
Train Yes 2001 0.44
Test No 853 0.56
Test Yes 667 0.44

Table 4 
Preprocessing settings.

Preprocessor Description

Basic Zero-variance, near-zero-variance filters and normalization
ROSE Basic + ROSE resampling algorithm
Adasyn Basic + Adasyn resampling algorithm
SMOTE Basic + SMOTE resampling algorithm
Upsampling Basic + Upsampling
Downsampling Basic + Downsampling

Table 5 
Tuned hyperparameters for the different models.

Model Tuned parameters

Logistic Regression None (basic logistic regression using glm)
Decision Tree cost_complexity: Complexity parameter for pruning 

tree_depth: Max depth
Lasso Logistic 

Regression
penalty: Regularization strength 
mixture = 1: Lasso penalty only

Naïve Bayes None explicitly tuned (based on data likelihood and priors, 
engine = klaR)

Linear Discriminant 
Analysis

None (uses MASS::lda, no hyperparameters to tune)

Generalized Additive 
Model

Automatically estimated smoothing parameters (mgcv 
handles penalization internally)

Table 6 
Key metrics for the selection of the best models and preprocessors during the first phase.

Test cities Train:Test ratio Chosen model BACC UTCI BACC

Kassel, Fribourg 71:29 NB + SMOTE 0.610 0.640
Athens, Milan 67:33 NB + Adasyn 0.549 0.577
Thessaloniki, Sheffield 70:30 NB + SMOTE 0.564 0.549
Cambridge, Fribourg 69:31 NB + Downsampling 0.580 0.660
Cambridge, Kassel, Milan 71:29 NB + Downsampling 0.592 0.582
Athens, Cambridge, Kassel 64:36 NB + Downsampling 0.604 0.606
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Fig. 2. (a) Balanced accuracy and (b) accuracy performance, using the bootstrap estimates for the different workflows, ordered by performance on the X-axis, leaving 
the data from Fribourg and Kassel for testing.

Fig. 3. Recall estimates for the different workflows, ordered by performance on the X-axis, leaving the data from Fribourg and Kassel for testing.
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selection of the final workflow.
As a way of obtaining this additional information and justifying the 

selection of our metric, we plotted in Figs. 2 and 3, for the particular 
train/test split in which Fribourg and Kassel were left out for testing, the 
key metrics obtained during the training of the workflows, for each 
possible combination of model and preprocessor, therefore showing that 
in all cases most models provided similar results, with slight changes in 
balanced accuracy and accuracy, as expected.

3. Results

In the following section, the main results of our work are presented, 
as the output of the workflow described in the previous section. We 
obtained, as already mentioned, the Naïve Bayes with the down
sampling technique as the final model, model that henceforth will be 
called NBD for simplicity.

3.1. Proposed model

In all cases, it was seen that the model providing the best results, 
using the Bootstrap estimator over 5 samples with 25% of the training 
set for validation, was the Naïve Bayes, with a mean balanced accuracy 
(BACC) across samples of 0.58, compared to that of the UTCI classifi
cation of 0.60. The preprocessor, however, varied across samples: 
Adasyn was chosen once, SMOTE twice and downsampling thrice. 
Therefore, we chose the Naïve Bayes algorithm as well as these 3 pre
processors as the options for our final model. The key results of this 
phase can be seen in Table 7, as well as a comparison with the BACC 
obtained by the UTCI index, giving a classification of “comfort” when the 
UTCI value is between 9 and 26 ◦C, i.e., the range for the stress category 
“no thermal stress”, and “discomfort” otherwise. It is noteworthy that this 
UTCI classification yields better results in 4 out of 6 experiments, 
something that can be expected knowing that it is a global index, while 
our models have only access to a reduced amount of data from certain 
cities and are testing on completely different ones. For completeness, we 
will also consider the extended UTCI classification, in which the cate
gories labelled by UTCI as “moderate heat stress” (26–32 ◦C), “no thermal 
stress” (9–26 ◦C) and “slight cold stress” (0–9 ◦C) are all merged into 
“comfort”. The results given by this alternative can be seen in Table 7, 
but as it shows worse results than those of the “strict” UTCI, it is not 
further analyzed.

To fully understand our selection of the objective metric, the 
Balanced Accuracy (BACC) and the results shown in Fig. 2a, it can be 
useful to consider Fig. 2b, for the Accuracy of bootstrap estimates, and 
Fig. 3, for the Recall estimates. When looking at the accuracy estimates, 
one can identify that even if the Naive Bayes model in its basic setting is 
performing better than other models, multiple classification tree models 
with different preprocessors are clearly close in performance. This, 
however, doesn’t correspond at all with the results shown in Fig. 2a, in 
which the tree models obtain an extremely low balanced accuracy.

The underlying problem these models are showing resides on the 
imbalance of the original data. Even when using algorithms such as the 
ones previously described in Section 2.2.2, some models like the clas
sification trees cannot take that imbalance into account. This problem 
was shared by other models, LDA, GAM, and LR, when using the basic 

preprocessor, that didn't include any sort of modification to the data to 
address the data imbalance. The explanation for this problem, in the tree 
model case, can be clearly seen in Fig. 3, in which the recall, the true 
positive rate, is shown for the same experiments. In this figure, the tree 
models obtain either 0 or 1 in recall. This is something that in practice 
can only be obtained by models that predict the same in all cases, in our 
case, either “Comfort” or “Discomfort”.

To confirm this theory, other metrics such as precision, recall, and 
specificity were considered. In all cases, just as shown before for the tree 
models, even with the preprocessors addressing the balance issue, we 
obtained biased models, as shown by extreme values of 0 and 1 in one of 
the mentioned metrics. This allows us to justify our decision to use the 
BACC metric instead of the usual accuracy, as it could be biased towards 
models not considering the data imbalance. For completeness, in the 
Appendix the plots for the precision and the specificity can be seen, 
obtained under the same conditions as the previous plots.

As a result of the previous phase, the Naïve Bayes algorithm was 
tested with the preprocessors chosen in the previous step, using the same 
Bootstrap validation split for obtaining the best combination of tunable 
parameters in the model. Knowing the best combination of tunable pa
rameters and preprocessors, all options provided similar results, 
showing the stability of the Naïve Bayes technique, but in the end 
downsampling showed the best results in the training set, being selected 
then as the final model for our proposal. It is noteworthy that, even if 
similar results were obtained with other preprocessors, downsampling is 
way faster and easier, avoiding the overfitting that other resampling 
methods such as the SMOTE or the ROSE algorithms could carry.

3.2. NBD results

As shown in Table 7, the performance indicators for the NBD model 
suggest that it has an appropriate capability in correctly classifying 
thermal comfort. The balanced accuracy of 0.611 shows a slight 
improvement over the results in Table 6, which ranged from 0.549 up to 
0.610, manifesting the advance the model experienced when using more 
general data. With this result, the model shows its ability to differentiate 
between comfort and discomfort, while considering class imbalances at 
the same time. Its overall accuracy of 0.593 indicates that the model gets 
the prediction (either comfort or discomfort) right about 59% of the 
time. The precision of 0.526 implies that a little more than half of the 
comfort predictions are accurate, hinting at a propensity for false posi
tives. Nevertheless, a recall rate of 0.756 signifies that the model excels 
in detecting actual cases of comfort, successfully identifying around 76% 
of them. Conversely, a specificity of 0.467 indicates a limited ability to 
recognize discomfort, revealing that the model often fails to detect 
negative (uncomfortable) conditions. In other words, the model is more 
effective at identifying comfort than at maintaining a balanced detection 
of both comfort and discomfort.

These results, while showing moderate improvement, reveal an 
important limitation: the overall accuracy of any method tested—ours 
or the UTCI-based baselines—rarely surpasses 60%. This raises a legit
imate concern: despite considerable modeling effort and complex tun
ing, the gain in predictive performance appears modest. However, it is 
precisely in this context that a fair comparison with the UTCI becomes 
essential. The similarity in accuracy between the machine learning 
models and the UTCI-based classifications suggests that both approaches 
are effectively leveraging the available input variables to their fullest 
extent. Rather than reflecting model weakness, the limited ceiling in 
accuracy likely speaks to an intrinsic challenge in the task itself. Thermal 
comfort perception is influenced not only by measurable environmental 
and physiological factors but also by highly subjective, personal, and 
situational elements that are not easily captured and modelled. There
fore, while the accuracy may seem modest in absolute terms, it repre
sents a reasonable upper bound given the nature of the problem, and it 
validates the effectiveness of both modeling strategies in interpreting 
the available data.

Table 7 
Main classification metrics for NBD, UTCI and extended UTCI.

Metric NBD UTCI Extended UTCI

Balanced accuracy 0.611 0.585 0.563
Accuracy 0.593 0.563 0.524
Precision 0.526 0.501 0.477
Recall 0.756 0.766 0.888
Specificity 0.467 0.404 0.239
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Compared to the results reported by Rodríguez-Gallego et al. (2024), 
our model shows comparable overall accuracy (0.593 vs. 0.59 with 
Random Forest and MLP) but significantly higher sensitivity (0.756 vs. 
0.34 and 0.20, respectively), indicating a stronger ability to detect 
comfort cases. However, it's important to note that these previous 
models were not designed specifically for binary classification of ther
mal comfort, which limits the direct comparability. This issue is even 
more pronounced in other recent works, such as those by Tian & Lin [44] 
and Avci [48], where multi-class approaches are adopted to reflect finer- 
grained thermal sensation scales. As such, while performance metrics 
may appear similar on the surface, differences in classification strategy 
and target definitions make strict comparisons challenging.

3.2.1. Non-explainable models
For completeness, other non-explainable models were used to pro

vide further comparison. In particular, the Random Forest (RF) and the 
Extreme Gradient Boosting (XGB) were tested in the same manner, using 
only downsampling and with the same workflow settings (cross-vali
dation, fine-tuning) as the previously presented NBD. Notice that this 
was not the key objective of this article, but it is important to include 
these results to see the baselines provided by black-box models. The 
results for these models can be found in Table 8, where the results for 
NBD are included again for comparison.

The table previously discussed shows that our NBD model achieves a 
balanced accuracy (BACC) of 0.611, which is comparable to the more 
complex Random Forest with SMOTE (0.650) and XGBoost with ADA
SYN (0.662). In terms of overall accuracy, the NBD model scores 0.593, 
again slightly lower than RF (0.655) and XGB (0.663). Despite this 
modest disparity, there's a significant trade-off involved: ensemble 
methods such as RF and XGB function as black-box models, restricting 
interpretability and complicating the comprehension of variable influ
ence. Conversely, the probabilistic framework of NBD offers transparent 
decision boundaries, enabling a clear insight into how each feature 
contributes to comfort classification. This clarity is particularly benefi
cial in environmental and public health contexts, where explainability is 
crucial.

NBD notably achieves the highest recall rate (0.756) among all 
models, exceeding both RF (0.607) and XGB (0.651), which demon
strates its superior capability to identify discomfort scenarios—a critical 
feature for early-warning or thermal risk applications. Its precision 
(0.526) and specificity (0.467), though lower compared to RF (0.607, 
0.693) and XGB (0.609, 0.673), indicate a strategic preference for 
detection over reduction in false negatives, an appropriate choice for 
preventive decision-making. In conclusion, while ensemble methods 
boast slightly improved overall metrics, NBD offers a balanced and 
interpretable alternative, ensuring solid predictive power, excelling in 
pinpointing critical discomfort instances, and promoting clear, 
evidence-based evaluations of Outdoor Thermal Comfort (OTC).

4. Discussion

In this section, we evaluate the performance of our Naïve Bayes with 
Downsampling (NBD) model against the Universal Thermal Climate 

Index (UTCI). Both approaches are compared under a consistent binary 
classification framework and standard performance metrics, using 
confusion matrices and key indicators such as balanced accuracy, recall, 
specificity, and precision. Our goal is to determine whether we achieve 
measurable improvements with a data–driven, interpretable model 
relative to the threshold–based UTCI, while maintaining practical rele
vance for the classification process.

4.1. UTCI comparison

As seen in Table 9, in comparison to the UTCI classification, the NBD 
model demonstrates a slightly more effective ability for discerning 
comfort versus discomfort, as evidenced by its increased balanced ac
curacy of 0.611 compared to 0.585. UTCI exhibits a small advantage 
over NBD in recall (0.766 compared to 0.756), signifying a slightly su
perior capability in recognizing comfort scenarios. However, NBD 
compensates for this with a significantly greater specificity (0.467 
against 0.404), implying a more reliable identification of discomfort 
conditions. NBD demonstrates a higher precision at 0.526 compared to 
0.501 for UTCI, indicating fewer incorrect comfort predictions. 
Regarding overall accuracy, NBD also outperforms UTCI, scoring 0.593 
against 0.563. This contributes to a slight but overall improvement in 
key classification metrics and abilities. Notice that the extended UTCI 
was not included in these sections as its metrics were worse than that of 
our binary classifier version of the UTCI.

When contrasting NBD with the extended UTCI classification, the 
differences are more marked, due to the limitations the latter presents. 
Although the lenient UTCI boasts the highest recall (0.888), indicating it 
identifies nearly every comfort case, this comes with a trade-off of 
significantly low specificity (0.239) and balanced accuracy (0.563). This 
suggests a pronounced tendency towards predicting comfort, which may 
lead to an increase in false positives. Conversely, NBD provides a more 
balanced and accurate model, resulting in a superior trade-off between 
identifying comfort and distinguishing discomfort.

4.1.1. Statistical validation of NBD
To assess if our method, the Naïve Bayes with Downsampling (NBD) 

model's observed enhancements over the UTCI baseline are statistically 
significant, we conducted formal significance testing on performance 
metrics derived from repeated cross-validation and bootstrap 
resampling.

Specifically, we employed the Wilcoxon signed-rank test [84] to 
compare paired accuracy and balanced accuracy scores across folds, as 
this non-parametric test does not require normally distributed differ
ences. Furthermore, we calculated 95% bootstrap confidence intervals 
for the mean differences to measure the uncertainty in performance 
improvements. A p-value under 1.25 ⋅ 10-5 was considered a sign of 
statistically significant improvement, enabling us to determine that 
there was a statistically significant difference between the capabilities of 
these two models.

Using a bootstrap estimate [85] over 2000 resamples built over the 
resulting predictions for both the UTCI and our NBD, we obtained a 95% 
confidence interval that showed an improvement between 2.43% and 
6.51%. Therefore, for binary OTC classification, it can be concluded that 
the NBD, trained using balanced accuracy, provides a consistent and 
substantial benefit over UTCI rather than a random fluctuation.

4.2. Comparison with other indices

In Table 10 we provide a comprehensive comparison that includes 
our model's outcomes alongside those from the NBD, as well as respec
tive results for two indices: PET and PMV [11,18]. For transforming PET 
and PMV into binary classifications, thresholds rooted in established 
comfort standards were employed. Consistent with the ISO 7730 
guideline [19], PMV readings from − 0.5 to 0.5 were deemed “Comfort,” 
with values beyond this range classified as “Discomfort.” The PET range 

Table 8 
Classification metrics for RF and XGB.

Metric NBD RF + SMOTE XGB + Adasyn

Balanced accuracy 0.611 0.650 0.662
Accuracy 0.593 0.655 0.663
Precision 0.526 0.607 0.609
Recall 0.756 0.607 0.651
Specificity 0.467 0.693 0.673
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was selected to be from 18 to 26 ◦C. This range was chosen following 
previous research: Matzarakis et al. [86] identified 18–23 ◦C as 
“comfortable” for Central European climates, Matzarakis et al. [87] 
extended this range up to 26 ◦C, and Blazejczyk et al. [88] similarly 
assumed PET comfort intervals between 18 ◦C and 26 ◦C across various 
European locations. These adjustments ensured uniform binary classi
fication among all indices prior to performance evaluation. The ladybug- 
comfort Python library facilitated the calculation of these indices for our 
dataset [89].

Based on the analysis, the NBD model showed superior predictive 
prowess in most metrics. It scored the highest in balanced accuracy 
(0.611), precision (0.526), recall (0.756), and overall accuracy (0.593), 
surpassing the results of PET and PMV, which had lower scores in these 
categories. Although the NBD model's specificity (0.467) was less than 
PMV (0.757) and PET (0.684), its substantially higher recall underscores 
its enhanced capability to detect “Comfort” instances within the dataset. 
These findings suggest that the NBD model offers more dependable 
classification of thermal comfort conditions compared to PET and PMV, 
which are based on conventional comfort thresholds. Notably, both PMV 
and PET were more inclined to predict “Discomfort,” as indicated by 
their high specificity and low recall. This problem, while present in our 
model, is more pronounced in these two indices.

4.3. Interpretability

One of our objectives was to provide an interpretable tool, using the 
same variables as the UTCI index, but showing further explanations 
about its inner workings. As the chosen model has been the Naïve Bayes 
method, this is achieved as it provides explainability through its simple 
probabilistic structure, allowing us to understand how each variable or 
feature contributes to the prediction by the values of the conditional 

probabilities. Knowing that this method uses a posterior estimate of the 
probability of belonging to a certain class (comfort/discomfort) pro
portional to the fixed prior probability and the likelihood of the obser
vation, we can analyze both the prior estimate as well as the likelihoods 
of each feature given the class and identifying which variables most 
influence the classification into comfort or discomfort. This helps us 
understand the patterns that dictate the moel’s decisions.

To address the substantial correlation between air temperature and 
globe temperature (r = 0.94), which somewhat compromises the model's 
independence assumption, an extra iteration was executed that omitted 
globe temperature, called NBD3 to remember that we are only using 
three variables. This alternative analysis maintains the conditional in
dependence structure, ensuring the results remain interpretable while 
allowing for comparisons with UTCI-based models, which utilize all four 
variables.

As we can see in Table 11, training the model without the globe 
temperature slightly improved our results. In particular, balanced ac
curacy increased from 0.611 to 0.617, overall accuracy rose from 0.593 
to 0.603, and precision improved from 0.526 to 0.534, indicating a 
modest gain in correctly identifying both classes. While recall decreased 
slightly from 0.756 to 0.738, the increase in specificity from 0.467 to 
0.497 suggests that NBD3 is better at detecting uncomfortable condi
tions, leading to a more balanced classification performance overall. 
These changes highlight that removing the globe temperature did not 
hinder the model and may even enhance its robustness in distinguishing 
between comfort and discomfort.

In Fig. 4 we can see the conditional distribution of comfort across the 
different features considered in our model, representing the likelihood 
of a certain value being observed depending on the comfort classifica
tion. It can be seen that it is in the middle ranges when the different 
features provide the highest effect on the classification of comfort, with 
the case of globe temperature, air temperature and relative humidity 
showing and increased probability of comfort for the mean values. In 
particular, both relative humidity and air temperature have a note
worthy effect on the probabilities when showing small values for the 
first and high for the second, accounting for the effect of dry conditions 
and extreme heat.

As a further visualization towards the understanding of the model, 
Fig. 5 illustrates how the NBD model predicts comfort probabilities 
across air temperatures (tair). The model performs well at temperature 
extremes and around the neutral comfort zone (18–20 ◦C), where clas
sification is clearer. However, it struggles in transitional ranges (e.g., 
12–15 ◦C and 20–25 ◦C), where comfort perception is more variable. 
This highlights both the strengths of Naive Bayes in modeling clear 
patterns and its limitations in more ambiguous regions, while still of
fering interpretable outputs useful for analysis.

Finally, to evaluate the model's confidence in its predictions, we can 
plot the distribution of predicted probabilities for the “Comfort” and the 
“Discomfort” classes. The density curves shown in Fig. 6 illustrate how 
often the model assigns probabilities along the range from 0 to 1. 
Knowing that for comfort our likelihood will be of around 0.6 and 0.7 
most often, our model will be more often confident about predicting 
comfort over discomfort, which will return with a likelihood of 0.4 
usually. In particular, the overlap between the curves shows the 

Table 9 
NBD vs. UTCI. Confusion matrices for train (left) and test (right) subsets.

NBD Real comfort Real discomfort NBD Real comfort Real discomfort

Predicted comfort 1466 1254 Predicted comfort 504 455
Predicted discomfort 535 1304 Predicted discomfort 163 398

UTCI Real comfort Real discomfort UTCI Real comfort Real discomfort

Predicted comfort 511 508 Predicted comfort 592 649

Predicted discomfort 156 345 Predicted discomfort 75 204

Table 10 
Main classification metrics for NBD, PET and PMV.

Metric NBD PET PMV

Balanced accuracy 0.611 0.518 0.499
Accuracy 0.593 0.544 0.538
Precision 0.526 0.450 0.420
Recall 0.756 0.352 0.240
Specificity 0.467 0.684 0.757

Table 11 
Main classification metrics for NBD and NBD3.

Metric NBD NBD3

Balanced accuracy 0.611 0.617
Accuracy 0.593 0.603
Precision 0.526 0.534
Recall 0.756 0.738
Specificity 0.467 0.497
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uncertainty this model suffers, which will be further analyzed in section 
3.7.

4.4. Real-world applications

The performance shown by our NBD model allows it to be used as a 
real and alternative tool for OTC prediction, offering an alternative to 
the UTCI. By offering probabilistic predictions rather than fixed- 
threshold classifications, NBD enables urban planners to translate like
lihood estimates into spatial heat-risk maps that highlight where and 
when thermal discomfort is most probable. This approach, based on 
probability, offers more flexibility, helping adaptive planning strategies 
by pointing out key areas based only on meteorological data. Therefore, 
this model can be directly fed into risk-based decision frameworks, 
enabling planners to allocate resources according to projected discom
fort probabilities rather than static index boundaries.

Converting outdoor thermal comfort into a binary outcome 
(“comfortable” vs. “uncomfortable”) simplifies the original multiclass 
scale for OTC. This reduction trades some granularity (e.g., distinctions 
between “slightly warm” and “very hot”) but allows the models to work 

with probabilities and to offer more robustness against variability. Apart 
from the methodological benefits, this binary classification is also driven 
by practical reasons. In the realms of public policy and urban planning, 
decision-makers frequently need a straightforward and actionable 
benchmark to determine if outdoor spaces are comfortable for the ma
jority of users. This simplification allows authorities to pinpoint key 
areas for intervention, evaluate adherence to thermal comfort standards, 
and direct urban design strategies aimed at enhancing well-being in 
public areas. Consequently, adopting a binary framework not only en
hances the interpretability of models but also aligns research findings 
with the requirements of policy execution and urban management.

The current NBD configuration offers a balanced com
promise—providing interpretable, probabilistic, and readily deployable 
predictions that strengthen the bridge between thermal comfort 
modeling and urban-scale planning practice.

4.5. OTC challenges

To understand the limitations of OTC classification, as well as the 
results obtained by all the models presented in our work, it can be key to 

Fig. 4. Conditional distribution of Comfort across the 3 microclimatic variables used in NBD3: a) Air temperature; b) Relative humidity and c) Wind speed.
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see the variation of the comfort perception over small changes in key 
variables, an issue that can greatly limit the capabilities of the usual 
models.

Analyzing the distribution of comfort proportions across narrowly 

defined temperature and relative humidity categories, as illustrated in 
Fig. 7, reveals noticeable variability even within groups of small size. 
The comfort proportion within each category can differ significantly, 
even among those with comparable environmental conditions. In 

Fig. 5. Comfort probability prediction obtained with NBD3 depending on air temperature (
◦

C), for each sample in the test set.

Fig. 6. Conditional distributions for comfort and discomfort for the NBD3 model.
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particular, for air temperatures between 15 and 21 ◦C and relative hu
midity of 50 to 60%, we can see that the proportion of people in comfort 
is closer to 0.5 than it is to extreme values (0 or 1). This can greatly affect 
the models built over this data, as even for relatively small bins the 
variability in perception is still present.

In this case, again, we find areas in which the proportion of comfort 
is extremely close to 0.5, while at the same time showing a great number 
of values, especially for air temperatures between 17 and 21 ◦C and 50 to 
70%. The same situation can be seen for the crossing of air temperature 
and wind speed in Fig. 8.

The overlap shown in these crossings of variables suggests that 
environmental factors alone cannot accurately predict comfort, 
emphasizing the inherent uncertainty in anticipating human thermal 
perception. Consequently, the variability limits our model's perfor
mance, and the concentration of observations in specific categories in
fluences prediction of confidence. While the model can capture overall 
trends, the overlap and scarcity in certain categories place a ceiling on 
the potential accuracy and balanced performance, leading to some un
avoidable misclassifications. This can partially explain the limitation of 
all the considered models including UTCI, NBD, NBD3 and non- 
explainable models, with the apparent optimal value for balanced ac
curacy of 0.6 approximately. However, even when using additional 
variables from the dataset, our experiments showed an increase in ac
curacy below 0.05, for both the NBD and the NBD3 models.

For a complete analysis of the problem, we also executed a gradient 
analysis for the crossing between air temperatures and relative humid
ities. For this, we define it as the mean absolute difference between the 
proportion of comfort between one cell and its neighbors, understanding 
cell in the sense given by Fig. 7.

In Fig. 9a we represent, using the same wide bins as in Fig. 7a, the 
obtained gradients in each cell. The proportion of comfort changes in a 
rather smooth manner, with most gradient values close to 0. This 
behavior changes only for extreme cases, the edge cases like the reduced 

temperatures below 0 ◦C or with a relative humidity over 80%. 
Comparing this plot with Fig. 7aFigure, we can see that these edge cases 
are a minority, with a change in comfort proportion highly related to the 
number of samples in that bin. This distribution of values and gradients 
can be confirmed by looking at a finer scale.

In Fig. 9b we provide the gradient plot for the same bins used in 
Fig. 7a, for representing a finer grid over the crossing of 60–70% of 
relative humidity and 19–21 ◦C for air temperature. Confirming our 
previous hypothesis observed for the edge cases in the wide grid, when 
we reduce the scale and the number of samples considered, the vari
ability greatly increases. We can observe that in many cases the mean 
gradient abruptly changes from values close to 1 to others extremely 
close to 0. This behavior is hidden on the broader scale but using the 
finer grid we can assess that even for a small scale, the gradient shows 
significant changes in cases extremely close to each other. For any model 
trained on this data, these abrupt changes limit the potential for an 
accurate prediction using these variables.

Knowing that the data from the RUROS dataset was taken under 
different circumstances (e.g. seasons, locations, cultures), can partially 
explain this variability in a range in which additional variables can have 
a key effect on the OTC. The ranges that were studied in this section 
represent an area in which both OTC perception and UTCI show extreme 
variability too. As shown, using only the selected variables can explain 
up to a certain point. It is noteworthy, however, that we run the same 
experiments with more variables, and the increase in accuracy, less than 
0.05, was not worth the loss of explicability. To do so, we tested both the 
same workflow and a RF model, with the same variables as well as with 
the whole dataset, including variables such as the clothing thermal 
insulation, age and the metabolic activity, while at the same time 
avoiding redundant variables. Therefore, to account for the subjective 
behavior behind this variability, obtaining an even bigger dataset would 
be key.

Fig. 7. Comfort proportion across (a) binned and (b) finer-binned air temperature (
◦

C) and relative humidity (%). Full dataset.
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Fig. 8. Comfort proportion across binned air temperature (
◦

C) and binned wind speed (m/s). Full dataset.

Fig. 9. Gradient of the comfort proportion across binned and finer-binned air temperature (
◦

C) and relative humidity (%). Full dataset.
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5. Conclusion

In this study, the RUROS dataset was used to evaluate and compare 
different workflows against the classification given by the UTCI index, 
obtaining as a result a Naïve Bayes downsampling (NBD) model that 
provided competitive results when predicting the OTC. The goal was to 
provide a more interpretable alternative to the UTCI index, giving 
insight into its classification for Outdoor Thermal Comfort (OTC).

5.1. Achievements

After evaluating and fine-tuning 6 different interpretable models and 
their combinations with 7 possible preprocessors in different configu
rations of training and test splits for the RUROS according to 
geographical location, it was shown that in all cases the Naïve Bayes 
model outstood the rest of the models, for 3 different preprocessors. 
Then, we compared the NB model and the 3 chosen preprocessors using 
a bootstrap estimate over the training set, now using 75% of the data 
from all cities. The combination that provided the best results was the 
NB with downsampling, which was then used as our final model to 
analyze over the test set.

Our NBD model demonstrates improved results compared to the 
traditional UTCI index when both are reduced to a binary classification 
problem of comfort versus discomfort, both in the strict case —comfort 
equals thermal neutrality— as well as in the loose case —comfort is both 
neutrality and slight discomfort. Notably, the model achieves a balanced 
accuracy above 0.611 and a high overall accuracy of 0.593, indicating 
good sensitivity to identifying comfort and discomfort cases, compared 
to the results given by the UTCI index for the same task, with a balanced 
accuracy of 0.585 and an accuracy of 0.563. These results confirm that 
probabilistic models can capture meaningful patterns in the data when 
paired with appropriate preprocessing, such as downsampling.

One noteworthy advantage of our proposal is that it provides both an 
accurate prediction as well as an explanation for it, using the posterior 
probability estimates for the different comfort classifications according 
to the features that have been used. This can be used to understand how 
a certain set of variables affect the resulting thermal perception, and in 
particular the probability of comfort against that of discomfort, some
thing that can be of great help when addressing the problem of comfort 
optimization.

5.2. Future work & limitations

It is important to notice that, even if our models show slightly better 
results than the UTCI index for Outdoor Thermal Comfort classification, 
this comparison is extremely demanding for the index, as we have 
reduced both models for binary classification, for the task of predicting 
thermal comfort or discomfort. As a result, it would be useful to further 
compare our proposal with the UTCI index in the overall classification, i. 
e. in which comfort has the 11 categories included in the UTCI index. 
Another possibility would be to use the Mean Radiant Temperature 
(MRT) instead of the globe temperature, which was chosen as a primi
tive and straightforward value, instead of the MRT, which is often ob
tained through an estimate from the other climatic variables, following 
the UNE-EN ISO 7726:2002 standard [90].

These options could limit our possibilities, as some models cannot be 
used for multinomial classification, such as in the case of logistic 
regression, but it would provide a more accurate representation of the 
OTC. While the use of Thermal Sensation Vote (TSV) or Thermal Com
fort Vote (TCV) targets can be informative, they add greater categorical 
complexity and demand more data, which is not always compatible with 

models like the Naïve Bayes or the Logistic Regression methods used in 
this work. Another approach would be to investigate employing black- 
box models, including Random Forest and XGBoost, together with 
explainable AI methods such as SHAP, to further improve predictive 
performance while preserving interpretability. Notice, however, that it 
has an increased complexity, and even with the binary cases ML models 
like the ones used in this work have had trouble when predicting com
fort perception.

Future work should also consider the characteristics of the data used 
for model development. The RUROS dataset employed in this study, 
while a valuable and widely cited reference, was collected in European 
urban settings during 2001–2002. Its historical and regional nature may 
limit the transferability of results to contemporary or non-European 
contexts. Over the past two decades, thermal expectations, clothing 
patterns, and urban morphologies have evolved, potentially influencing 
thermal comfort perceptions. Therefore, future research should validate 
the proposed models using more recent datasets from varied climates 
and cultural settings, expanding beyond the European chosen dataset, to 
strengthen model generalizability.

To summarize, in this article we have proposed data-driven models 
whose results are comparable to those of the UTCI index. We trained and 
tested the different options over the RUROS dataset, using the same 
variables and providing explanations about the nature of the pre
dictions. With this, comparison with further models and indices will be 
more accessible to researchers focusing on the classification of Outdoor 
Thermal Comfort.
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Appendix

Fig. 10. Precision estimates for the different workflows, ordered by performance on the X-axis, leaving the data from Fribourg and Kassel for testing.

Fig. 11. Specificity estimates for the different workflows, ordered by performance on the X-axis, leaving the data from Fribourg and Kassel for testing.
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