
Citation: Mendes da Luz, I.; Lourenço

Niza, I.; Broday, E.E. Comparative

Analysis of Productivity Methods to

Evaluate Thermal Comfort in

Classrooms through Hierarchical

Clustering. Buildings 2024, 14, 698.

https://doi.org/10.3390/

buildings14030698

Academic Editor: Ricardo M. S.

F. Almeida

Received: 29 December 2023

Revised: 1 March 2024

Accepted: 4 March 2024

Published: 6 March 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

buildings

Article

Comparative Analysis of Productivity Methods to Evaluate
Thermal Comfort in Classrooms through Hierarchical Clustering
Inaiele Mendes da Luz, Iasmin Lourenço Niza * and Evandro Eduardo Broday

IEQ Lab, Federal University of Technology—Paraná (UTFPR), Rua Doutor Washington Subtil Chueire 330,
Jardim Carvalho, Ponta Grossa 84017-220, Brazil; inaiele@alunos.utfpr.edu.br (I.M.d.L.);
broday@utfpr.edu.br (E.E.B.)
* Correspondence: niza@alunos.utfpr.edu.br

Abstract: This research examined the modeling of productivity with thermal comfort using various
models in a case study conducted in classrooms at a university in Southern Brazil. A total of thirteen
models were selected after performing a literature review to identify the main models. Through the
application of hierarchical clustering to separate the models into groups with similarities, the results
identified four groupings: the first focused on temperature, the second associated age groups with
Thermal Sensation Vote (TSV), the third compared different age groups, and the fourth highlighted
“Model 11”, derived from structural equations in air-conditioned classrooms in China, revealing
poor performance due to its incompatibility with temperature variations in productivity. Meanwhile,
“Model 5”, developed using ordinary regression in air-conditioned offices in Japan, showed the
lowest Root Mean Square Error (RMSE), emerging as the most accurate in predicting productivity
associated with thermal comfort. The use of objective methods to assess productivity and the
application of regression analysis in modeling, as identified in the literature review, is noteworthy.
The evaluation of the models’ performance also explored the impact of the independent variables
on their scope. Through cluster analysis, reasons behind discrepancies in model performance were
identified, providing insights into best practices for representing the relationship between thermal
comfort and productivity. These results offer valuable perspectives for developing more effective
models in this field and reveal a wide methodological diversity in the approach to the subject.

Keywords: thermal comfort; productivity; classrooms; hierarchical clustering; cluster analysis;
methodology

1. Introduction

There has been a growing interest in human well-being within built spaces in recent
years. This interest is driven by the increasing recognition of the financial benefits of
improving Indoor Environmental Quality (IEQ). However, there is still a limited under-
standing of the interactions between the indoor environment and productivity [1]. Despite
consistent studies highlighting the potential of IEQ to boost productivity and generate pos-
itive economic impacts, it is worrying to note that this relationship is often underestimated
in traditional cost–benefit calculations related to building design and maintenance. One of
the main obstacles to this underestimation is the lack of reliable connections between IEQ
and productivity. Overcoming this gap requires additional research, in-depth analysis, and
rigorous evaluations to establish consistent measurement and assessment methods [2].

IEQ is determined by the evaluation of four main building parameters that are com-
monly used: acoustic comfort, lighting quality, Indoor Air Quality (IAQ), and thermal
comfort [3]; however, some other concepts and variables can be included, such as dust, wa-
ter quality, humidity, and others. Specifically, thermal comfort is defined by the American
Society of Heating, Refrigerating, and Air Conditioning Engineers (ASHRAE) as a state of
mind that represents the level of satisfaction concerning the thermal environment. This
conclusion is based on people’s subjective opinion [4].
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Based on this, Fanger [5] developed a model capable of measuring the sensation of
thermal comfort, called Predicted Mean Vote (PMV), which incorporates empirical data
and equations related to skin temperature, body energy balance, and evaporation of sweat
through the skin [6]. Another approach to analysis is adaptive comfort models, which
were developed to mitigate the discrepancies observed in the Fanger model. This model
sometimes tends to underestimate or overestimate thermal conditions, reflecting a complex
issue influenced by factors other than the physiological aspects considered in the PMV,
which assesses the heat balance between the body and the environment. These other factors
include psychological, demographic, and anthropometric aspects. Tarantini, Pernigoto,
and Gasparella [7] state that assessing thermal comfort in environments can reduce health-
related costs and sick leave, increase employee operating rates, and lower production losses.
However, this is only the first step and does not guarantee improvements.

Therefore, several authors have adopted statistical methods in their recent research
as a complement to investigating thermal comfort. For example, time series analysis
was employed to analyze Indoor Air Quality (IAQ) conditions and thermal comfort in
real-time in a daycare center in Korea [8]. In addition, Principal Component Analysis
(PCA) was used to propose a new control structure in multizone buildings in the United
States [9]. Factor analysis was also used to evaluate Personalized Kitchen Air Supply
(PKAS) to reduce exposure to cooking pollution and thermal discomfort in residential
kitchens in China [10]. In addition to these approaches, survival analysis was applied to
study participants’ reactions to dynamic thermal stimuli in offices in Norway [11], among
other techniques.

In line with this theme, another statistical technique is hierarchical cluster analysis,
which groups data into a hierarchical structure similar to a tree, known as a dendrogram.
This approach naturally organizes clusters through branching, combining similar data
sets [12]. A hierarchical cluster analysis was carried out based on data from the study
by Bueno et al. [13] in classrooms with natural ventilation at a Brazilian university that
was previously investigated. This study combines hierarchical cluster analysis and the
k-means algorithm’s application but aims to examine the relationship between thermal
dissatisfaction and student productivity. The approach proposed in this paper differs from
the one suggested in [13] since the previous study did not use specific productivity models
to categorize them based on their similarities and differences to help fill this knowledge
gap previously identified by Appel-Meulenbroek, Clippard, and Pfnür [14].

This research addresses a significant lack in the field, highlighting the scarcity of
studies investigating the links and experiments between productivity and the indoor
environment, thus offering a more comprehensive perspective on this relationship and
bringing to light a deeper understanding of the mutual influences between thermal comfort
and productivity. Thus, the current work fills a gap in the existing literature and proposes
a more holistic approach to analyzing the complex interaction between environmental
factors and human performance. This contribution is valuable for advancing the state of
the art in understanding the relationship between the indoor environment and productivity,
providing insights that can guide future research and practice in designing spaces to
optimize human performance.

2. Materials and Methods
2.1. PRISMA, Search Strategy and StArt

To explore the mathematical models and modeling techniques that represent the
relationship between thermal comfort and productivity, the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) were used [15]. This approach involves
formulating combinations of keywords and Boolean operators for searching scientific
academic databases. The PRISMA methodology has been widely used in this context, being
applied in the classification of local climate zones [16], in the identification of the main
areas of medical science that have used the Universal Thermal Climate Index (UTCI) [17],
as well as research into alternative models for predicting thermal comfort [18].
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The search strategy involves coding keywords and Boolean operators in the Scopus
and Web of Science databases: (“productivity” OR “intellectual performance” OR “aca-
demic performance” OR “learning performance” OR “student performance” OR “cognitive
performance”) AND ((“thermal comfort” OR “adaptive comfort” OR “thermal sensation”
OR “thermal satisfaction”) AND (“high school” OR “university” OR “classroom” OR “of-
fice” OR “educational buildings” OR “educational environments” OR “chamber”)). Scopus
and Web of Science databases were chosen because of their breadth of literature coverage,
allowing the identification of relevant studies for this review and applying inclusion and
exclusion criteria as specified in Table 1. These criteria guided the selection of articles by
considering keywords, abstracts, and titles of publications over the years.

Table 1. Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

Articles published in English Articles published in other languages

Articles published over the years, with no
time frame

Duplicate articles, conference papers, book
chapters, conference reviews, books, editorials,

or short articles

Articles published only in journals Articles with missing data (title, abstract,
keywords, author, or year of publication)

Articles published with thermal comfort
models related to productivity, which

considered parameters such as air and mean
radiant temperature, relative humidity,

clothing insulation, air velocity, and Predicted
Percentage of Dissatisfied (PPD)

Published articles that do not address the
research topic

Inclusion criteria were defined to ensure that the articles considered in the review
were only available in English and were not restricted by specific periods, if they dealt
with models relating to thermal comfort and productivity and were compatible with the
environmental and personal parameters collected previously, such as air temperature,
mean radiant temperature, relative humidity, clothing insulation, and air velocity. In
addition, exclusion criteria were established to maintain the consistency and reliability
of the results obtained. The State of the Art through Systematic Reviews (StArt) tool,
version 2.3.4.2, was adopted to speed up the review process and complement the use
of PRISMA. This tool not only facilitated the selection of the most pertinent articles but
also provided a comprehensive visualization in its interface, displaying information such
as abstracts, authors, titles, years, and places of publication. This feature significantly
streamlined the review process, allowing inclusion and exclusion criteria to be applied
directly in the program. This helped to improve the organization and structuring of the
stages, resulting in the overall procedure optimization, as highlighted by Zamboni et al. [19].
After thoroughly analyzing the remaining studies, models that used parameters in line
with the data applied in this study were chosen, specifically those collected during a recent
IEQ Lab study developed by Bueno et al. [13].

2.2. Model Performance Comparison

As mentioned above, the selected models were applied to the data from Bueno
et al. [13], which were collected between 23 March and 14 June 2022 during the fall in
classrooms with natural ventilation, which held 42 students in 65 m2. A total of 519 valid
responses were obtained through questionnaires and measurements taken in the morning,
afternoon, and evening with a device similar to the BABUC-A microclimate station man-
ufactured by Brüel and Kjaer, which monitored dry and wet bulb temperature, relative
humidity, and globe temperature in real-time. At the same time, the questionnaire was
aimed at collecting personal variables such as gender, age, clothing, height, and weight.
The independent variables were then replaced by the values to calculate productivity
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in each model. The resulting values were then compared using the RMSE to assess the
discrepancies between the model’s estimates and the observed values.

Regarding the performance of the models, some adaptations and considerations were
necessary. The productivity value equivalent to 100%, calculated by the models, results in
100 or 1, depending on the model used. To carry out the comparison, the original equations,
which calculated productivity on a scale from 0 to approximately 100, were adjusted to
vary from 0 to about 1, facilitating the comparison. In addition, specific adaptations were
made to the equations of the models developed by Kawakubo, Sugiuchi, and Arata [20],
which were subsequently renamed models 5 and 6, as shown in Table 2.

Table 2. Adaptation of models.

Ref. Model Original Adapted

[20]
5 PM = −0.07(TSV − 0.23)2 + 6.54 PM =

{[
−0.07(TSV − 0.23)2 + 6.54

]
∗ 0.1

}
+ 0.3

6 PH = −0.09(TSV + 0.61)2 + 7.16 PH =
{[

−0.09(TSV + 0.61)2 + 7.16
]
∗ 0.1

}
+ 0.3

The models were adjusted to provide a score on a scale ranging from 1 to 13, reflecting
changes in productivity ranging from a reduction of 60% about the standard (score 1) to
an increase of 60% about the standard (score 13) at 10% intervals. Score 7 indicates no
change, representing expected productivity. To calculate the variation value this scale
represents directly, the equation was adapted as described in Table 2, adding 100% to the
result. For example, for score 7 (no change), the productivity value is 100%, while for score
13, it is 160%. In this way, this scale is similar to the scales used in studies by Liu et al. [1],
Kawakubo, Sugiuchi, and Arata [20], Geng et al. [21], Jiang et al. [22] and Wang et al. [23],
which also take each individual’s average productivity value as a reference.

2.3. Hierarchical Cluster Analysis: Categorization of Models

The models were categorized based on similarities and differences using hierarchical
cluster analysis of variables in IBM SPSS Statistics version 20. To do this, the method uses
the productivity values generated by the different models to determine the formation of
the groupings. The choice to use hierarchical variable clustering stands out compared to
other techniques, such as k-means, in which the number of clusters is previously defined
by the ana-list, resulting in a fixed number of clusters [24]. This prevents visualization of
the clustering stages. However, hierarchical clustering offers the ability to visualize several
solutions (clusters) on a single graph, allowing the grouping stages to be assessed. In this
way, it is possible to observe the different levels of similarity between variables, following
the formation of clusters, from the most specific to the most comprehensive. The process
that characterizes hierarchical cluster analysis is explained by Bridges [25] as follows:

• The first step is to create a proximity matrix between the variables. This matrix captures
the measure of similarity between all possible combinations of variables using the
squared Euclidean distance. Smaller values indicate more excellent proximity between
the variables and vice versa.

• Subsequently, clusters are formed by evaluating the similarity measures between
groups or individual variables. At each stage, it is checked whether the two groups
have the highest level of similarity; if so, these groups are combined.

• In the next stage, the process continues by checking whether any groups can be
included in the previous combination due to their high level of similarity.

• The stages continue until all the variables have been grouped into a single set.

The graphical representation of the clustering process is known as a dendrogram,
which displays a hierarchy of categories showing how the different elements are grouped
into larger, more comprehensive categories. The models were grouped through cluster
analysis based on their similarities in terms of productivity estimates. These groupings
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are then examined to identify patterns and determine whether they can be attributed to
specific factors influencing the productivity calculation.

3. Results
3.1. Initial Results from Academic Databases

The results of the search for scientific journal articles, using the specific combination
of keywords as defined and the PRISMA method, are shown in Figure 1, revealing the
identification of 1422 relevant articles. The StArt software was then used in the selection
and eligibility phase to solidify the studies, thus improving the literature review.
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Figure 1. PRISMA.

Initially, 1051 articles were identified in the Scopus database and 371 in the Web of
Science. However, after applying the exclusion criteria, 126 articles remained for further
evaluation. At this stage, each article underwent an analysis of the title, abstract, and
keywords to determine its relevance to the research topic. After this evaluation, 118 articles
were discarded because they did not fit the criteria of evaluating thermal comfort about
productivity using models.

Considering that the case study adopted a percentage scale, studies that used absolute
score scales in cognitive tests or other scales that would make comparison difficult were
excluded. In addition, studies that investigated the effects of extreme conditions on mental
activities were eliminated as they were not in line with the scope of the case study. As a
result, eight articles that met the relevance criteria were selected and incorporated into
the literature review on the subject in question, which contained 13 thermal comfort and
productivity models.
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3.2. Selected Models

The models derived from the relevant information in the studies are compiled in
Table 3, showing their corresponding equations, evaluation method, location, country, and
the sequence in which they were entered into SPSS.

Table 3. Models selected from the literature review.

Ref. Order
(Models) Models Evaluation

Method Location Country

[26] 1 RP = −0.7315 TSV2 − 0.2038 TSV + 99.67 BLR Climate chamber
(classroom) China

[21] 2 RP = −0.0027 T2+0.1262 T − 0.4134 RVA Office China
[21] 3 RP = −0.012 TSV2 − 0.0005 TSV + 1.0242 RVA Office China
[22] 4 RP = 0.30 T3 − 14.75T2+234.75 T − 1096.70 RVA Classroom China
[20] 5 PM = −0.07 (TSV − 0.23)2+6.54 OR/HLM Office Japan
[20] 6 PH = −0.09 (TSV + 0.61)2+7.16 HLM Office Japan

[27] 7 RP = −0.0013 T2+0.0674 T + 0.1354 PR Climate chamber
(classroom) South Korea

[27] 8 RP = −0.0059 TSV2+0.0055 TSV + 0.9987 PR Climate chamber
(classroom) South Korea

[2] 9 RP = −0.0351 TSV3 − 0.5294 TSV2 − 0.215 TSV + 99.865 PR Office China
[1] 10 RP = −0.19 T2+9.63 T − 20.952 SEM Classroom China
[1] 11 RP = −0.283 TSV3 − 0.902 TSV2 − 0.581 TSV + 99.959 SEM Classroom China

[23] 12 RP = −0.062 T3+4.691 T2 − 115.898 T + 1039.842 RVA Classroom China
[23] 13 RP = −0.100 TSV3 − 0.804 TSV2 + 2.035 TSV + 102.675 RVA Classroom China

BLR = Binary Linear Regression; HLM = Hierarchical Linear Model; OR = Ordinary Regression; PH = Variation in
productivity for men; PM = Variation in productivity for women; PR = Polynomial Regression; RP = Relative
Performance; RVA = Regression and Variance Analysis; SEM = Structural Equation Modeling; T = Temperature;
TSV = Thermal Sensation Vote.

The Thermal Sensation Vote (TSV) in the models is the users’ subjective perception of
thermal comfort indoors [28]. This system uses a 7-point scale as defined by ISO 7730 [29],
ranging from −3 (Cold) to +3 (Hot), including intermediate degrees such as −2 (Cool), −1
(Slightly Cool), 0 (Neutral), +1 (Slightly Warm), and +2 (Warm). These perceptions were
collected through direct interviews or questionnaires to characterize individuals’ thermal
sensations [30].

These studies investigated the influence of different temperature conditions (10 ◦C
to 32 ◦C) on human cognitive performance. The cognitive tests encompassed a variety of
abilities, such as attention, memory, perception, and thinking, evaluating response time,
accuracy in specific tasks, and neurobehavioral tests. The Relative Performance (RP) metric
has been used to compare individual performance in a typical thermal condition against
the average performance in all conditions evaluated in different studies [1,2,20–23,26,27].

3.3. Comparison of Model Performance

Considering the different methodologies used in each study and the specificity of the
model equations, some of these models cannot be fully utilized with the data present in this
case study. Specifically, models 12 and 4, which have 3rd-degree equations, were developed
for specific temperature ranges. Model 12 was designed to represent data obtained from
experiments in the 22 to 30 ◦C range, while Model 4 was created to represent data in
the 10 to 20 ◦C range. As such, the curve projected by the models within these ranges
resembles the typical curve expected for this type of study, resembling the parabola of a
quadratic function.

However, it is essential to note that outside of these specific ranges, the behavior of
the functions deviates, making the results invalid. This discrepancy cannot be considered a
fault of the model itself, as it is inherent in its construction, and the resulting errors would
be a consequence of its inappropriate application. Consequently, the decision was to use
these models only within the temperature ranges for which they were initially developed.
Models 5 and 6, designed for each gender, were applied to the data corresponding to each
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group. The metric used to assess performance was the RMSE, calculated for each model to
the original data.

Despite the adaptations made to adjust the scales and make the data more comparable,
it was decided to carry out the performance analysis comparing both the raw percentage
data and the standardized data. Standardizing the data to z-score eliminates the original
units, replacing them with a universal standard deviation [31]. This neutralizes differences
between scales based on maximum or average productivity values, ensuring that all data
shares the same average.

This approach makes it possible to analyze performance through the RMSE of standard-
ized data as if the models were operating on the same scale based on average productivity.
Comparing these standardized values can reveal differences in data distribution. When
using raw data, the relationships analyzed in this study (between what is observed and
predicted by the models) can be confused by the different scale references; standardization
clarifies these relationships. After applying the models, the z-score was calculated for the
original data series of the cases selected for each model and the series resulting from using
these models.

3.4. Model Performance and Root Mean Square Error

Table 4 shows the results obtained when applying the models to the original data,
including the average and standard deviation of the observed and calculated yields and
the RSME value for raw and standardized data. The observed productivity refers to the
initial data collected from the entire group, and its averages and standard deviations may
vary depending on the model’s application to specific data cases. This means that when
using the model in particular situations, statistical measures such as averages and standard
deviations of the results may vary from the initial data, reflecting the influence of the
specific application conditions.

Table 4. Model performance.

Models Applicable Data
Mean (Standard Deviation) RMSE

Productivity
Observed (%)

Percentage
Predicted (%)

Non-Standardized
Data (%)

Standardized Data
(z-Score)

1 519 59.68 (15.27) 099.12 (0.91) 42.23 1.25
2 519 59.68 (15.27) 102.41 (4.70) 45.55 1.38
3 519 59.68 (15.27) 101.44 (1.60) 44.39 1.23
4 231 59.31 (15.53) 100.73 (7.35) 45.00 1.46
5 167 56.89 (16.63) 094.41 (1.48) 40.88 1.19
6 352 61.00 (14.42) 100.87 (0.10) 42.37 1.34
7 519 59.68 (15.27) 096.47 (3.77) 39.97 1.39
8 519 59.68 (15.27) 099.23 (1.12) 42.30 1.22
9 519 59.68 (15.27) 099.51 (0.57) 42.62 1.27

10 519 59.68 (15.27) 095.69 (4.99) 39.37 1.39
11 519 59.68 (15.27) 099.61 (0.10) 42.76 1.41
12 184 60.01 (14.17) 102.23 (2.70) 44.70 1.49
13 519 59.68 (15.27) 101.52 (2.22) 44.41 1.23

The model performance evaluation based on the independent variable is depicted
in Figure 2, where the models are arranged according to the increase in RMSE. When
predicting productivity based on temperature, controlling the variables that affect the
relationship between the factors is crucial.

Each bar represents a model number from 1 to 13, with the vertical (y) axis indicating
the RMSE. For instance, Model 5 has the lowest registered RMSE, indicating a lower
root mean squared error of 1.19, suggesting higher precision in predicting productivity
concerning thermal comfort for this specific model. On the other hand, Model 12 exhibits
the highest RMSE, reaching 1.49, signifying a higher mean squared error in its predictions.
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Therefore, it is visually apparent to observe the variation in accuracy among the different
models, identifying those with better predictive performance (shorter bars) and those with
poorer performance (taller bars).
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This graphical representation is crucial for evaluating and comparing the models’
accuracy, serving as a valuable tool in selecting the most suitable model for more precise
predictions in productivity associated with thermal comfort contexts. In the referenced case
study used for comparison, there was no intervention in the clothing worn by the partici-
pants, explaining the inferior performance (higher RMSE) of the temperature-based models.

One potential strategy to reduce error in this type of modeling is to incorporate
the clothing insulation variable into a nonlinear multiple regression analysis. By doing
so, it would be possible to consider the relationship between temperature and clothing
insulation, which significantly influences the resulting thermal sensation within the model.
This approach would allow a more comprehensive and accurate consideration of factors
affecting productivity, potentially resulting in more precise predictions.

3.5. Hierarchical Cluster Analysis: Categorization of Models

In the clustering analysis of variables, models that do not apply to all data sets were
excluded. For this analysis, all variables must have corresponding data for each case.
Therefore, it is not feasible to include models that fit into different temperature ranges or
apply to different genders in the same analysis. As a result, models 4, 5, 6, and 12 were
removed from the study.

Table 5 displays the proximity matrix of the models analyzed in this study. More
similar models are highlighted in green, indicating a smaller distance, while more different
models are highlighted in red, representing a more considerable distance.

Table 5. Proximity matrix.

Cases Original Data Model 1 Model 2 Model 3 Model 7 Model 8 Model 9 Model 10 Model 11 Model 13

Original data 0 806.37 990.00 790.13 1005.63 772.10 833.66 1003.13 1029.29 780.54
Model 1 806.37 0 744.72 010.63 773.20 145.63 029.32 767.75 675.01 336.53
Model 2 990.00 744.72 0 718.03 035.24 679.47 802.05 025.54 1124.86 690.71
Model 3 790.13 010.63 718.03 0 737.92 079.10 070.94 733.61 797.39 235.12
Model 7 1005.63 773.20 035.24 737.92 0 674.24 841.73 000.79 1180.09 667.12
Model 8 772.10 145.63 679.47 079.10 674.24 0 282.84 673.45 1150.49 046.27
Model 9 833.66 029.32 802.05 070.94 841.73 282.84 0 834.89 456.61 508.67
Model 10 1003.13 767.75 025.54 733.61 000.79 673.45 834.89 0 1172.37 669.07
Model 11 1029.29 675.01 1124.86 797.39 1180.09 1150.49 456.61 1172.37 0 1363.08
Model 13 780.54 336.53 690.71 235.12 667.12 046.27 508.67 669.07 1363.08 0

Models 7 and 10 are the most similar (000.79), followed by 1 and 3 (010.63) and 2 and 10
(025.54). In contrast, models 11 and 13 (1363.08), 7 and 11 (1180.09), and 10 and 11 (1172.37)
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show the most significant differences between them. These numbers reflect the proximity
or distance between the models based on the analyzed characteristics, which is essential for
identifying patterns or groups in the data. Table 6 displays the clustering process, recording
the order in which the models were progressively aggregated into clusters, using nine steps
for cluster formation.

Table 6. Stage of clustering.

Stage
Combination

Coefficients

The First-Stage Cluster is
Displayed First Next

Stage
Cluster 1 Cluster 2 Cluster 1 Cluster 2

1 7 10 000.79 0 0 3
2 1 3 010.63 0 0 4
3 2 7 020.52 0 1 9
4 1 9 036.96 2 0 6
5 8 13 046.27 0 0 6
6 1 8 174.50 4 5 7
7 OBS 1 381.86 0 6 8
8 OBS 11 533.32 7 0 9
9 OBS 2 638.78 8 3 0

The clustering evolution is visualized through the dendrogram in Figure 3. To facilitate
understanding of the patterns during the analyses, the independent variable employed by
the model was incorporated into the series name following this standardization as follows:
ZPROD [model number_independent variable]. In the case of the original data related to
observed productivity, the nomenclature ZPROD_OBS was used.
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The dendrogram resulting from the cluster analysis of the models reveals a remarkable
coherence in the groupings, aligning with the performance similarities of each model
within the context of the case study. Initially, the groupings merge models in an ascending
performance sequence as follows: models 8, 13, 3, 1, 9, 2, 10, 7, and 11.

It is evident that as clusters are formed, models sharing similar variables are grouped.
For example, models 2, 10, and 7 exhibit higher similarity and are grouped early (stages 1
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and 3), while models 3, 1, and 9 form another cluster (stages 2 and 4), and models 8 and 13
are subsequently grouped (stage 5).

This evolution can be interpreted as follows:

• Clustering by the use of the temperature variable (cluster 1): Models 2, 10, and 7 share
the use of this variable.

• Clustering by using TSV in studies with similar age groups (cluster 2): Models 3, 1,
and 9 come from studies with participants in similar age ranges.

• Clustering by using TSV in studies with different age groups from the previous Cluster
(cluster 3): Models 8 and 13 originate from studies with participants of different ages.

In a later stage (stage 8), Model 11 is the last to be aggregated into the models using
TSV (cluster 4), aligning with its lower performance than other analyzed models. This
fact might be associated with the study’s purpose of investigating the impact of changing
environments with different temperatures on productivity. Another aspect revealed by
the dendrogram is the inclusion of the original data variable (observed productivity) in
the Cluster of models employing TSV before being grouped with the Cluster of models
using temperature. This pattern aligns with the previous analysis, as the TSV models
demonstrated better performance. In stage 9, the Cluster of models using temperature is
finally grouped, highlighting the similarity between Model 2 and the original data variable.
This is coherent as Model 2 stood out with better performance among the models using
temperature.

The unity between the cluster analysis results and the models’ performance suggests
the potential of the dendrogram as an exploratory tool for evaluating models found in
the literature. It can serve as a guide to identify models that address similar aspects of a
phenomenon. However, it is essential to consider that limitations in searching for models
in the literature resulted in a reduced set, exploring only two variables. This analysis could
be enhanced with a more extensive collection of models, encompassing different modeling
methods and additional variables. Visualizing correlations between variables, reflecting
similar performance for the studied case, could be an initial method for selecting models
for more detailed investigations.

4. Discussion
4.1. Specific Aspects of Models and Their Contexts

Among the eight studies analyzed in the context of intellectual productivity, the
majority, namely seven, employed objective approaches (methods such as cognitive tests
and equivalents to assess participants’ performance). However, one study chose a subjective
approach, using self-assessment to measure productivity.

Objective methods are grounded in evaluating actual performance through scores
obtained in specific tests that analyze cognitive abilities. In contrast, subjective methods
are related to individual perception of productivity, that is, how a person feels at a given
moment. This type of personal assessment can occur directly by questioning the individual
about their productivity on a percentage scale or by comparing current productivity with
the usual average, as observed in the study by Kawakubo, Sugiuchi, and Arata [20], the
only one that adopted a subjective method. Another personal approach includes using
tools that consider not only self-perception of productivity but also other factors such as
fatigue, mood state, physical symptoms, and satisfaction with performance, as seen in the
case study conducted by Bueno et al. [13].

The studies present significant variations in their methodologies for calculating pro-
ductivity. Among them, three studies use individual maximum productivity as a reference
to calculate the percentage [2,26,27], while the other five studies employ everyone’s average
productivity [1,20–23]. This discrepancy results in models with scales ranging from up to
100% to values that surpass this mark. However, all aim to minimize disparities among
individuals. For instance, in the case study, the percentage is derived from the maximum
productivity score that can be achieved.
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Regarding thermal comfort, the studies used scales to directly evaluate comfort,
such as the thermal satisfaction scale and the Thermal Sensation Vote (TSV). However,
it is essential to note that the TSV does not directly reflect comfort, given that the same
thermal sensation can be interpreted as comfortable by one individual and uncomfortable
by another, as discussed in the relevant literature. This discrepancy is highlighted by
the Predicted Percentage of Dissatisfied (PPD), which establishes that a minimum of 5%
dissatisfaction is acceptable in a group exposed to the same thermal environment [32].

Another noteworthy point is the discrepancy in considering temperature: eight mod-
els use the TSV as an independent variable (models 1, 3, 5, 6, 8, 9, 11, and 13), while
another five directly employ temperature (models 2, 4, 7, 10, and 12), resulting in even
more pronounced divergences. Some studies consider factors like the thermal insulation
of clothing, standardizing this variable to maintain constant conditions. However, this
approach might not entirely capture the concept of adaptive comfort, which considers
the measures individuals adopt to adjust to conditions, such as changing their clothing
according to the situation.

Regarding study settings, two were conducted in climatic chambers (simulating
classrooms), three in air-conditioned classrooms, two in air-conditioned offices, and one
in a conventionally equipped office adapted for experiments. Only one study took place
in a genuine environment with the usual users of that space [20], resembling this case
study. Both employed online questionnaires with occupants to collect data in natural
environments.

Most studies used regression analysis in the data analysis. Still, it is worth noting that
the survey by Kawakubo, Sugiuchi, and Arata [20] opted for a more complex approach, the
multilevel analysis. This method was chosen to account for the hierarchical structure of
the data, acknowledging limitations found in traditional regression analyses and possibly
enhancing model accuracy. In addition to multilevel analysis, other statistical techniques
can be employed, such as structural equation modeling applied by Liu et al. [1]. This
approach allows the examination of complex relationships between latent and observed
variables, going beyond traditional linear analyses and offering a deeper understanding of
interactions among study elements.

Some studies like those by Lan, Wargocki, and Lian [2], Geng et al. [21], Jiang et al. [22],
and Cui et al. [26] provided financial compensation to participants, which might have
influenced the results. In specific scenarios, it was observed that motivation might have
a more significant impact on performance than temperature variation. This suggests that
temperature fluctuations may have a less pronounced effect on performance under stable
conditions.

In summary, evaluating these studies on productivity and thermal comfort revealed
various methodological approaches and variables considered. These thorough analyses
play a significant role in understanding the interaction between productivity and thermal
comfort, providing valuable perspectives for future research and practical applications.
This aligns with the purpose outlined by Nikolaou et al. [33] for conducting parametric
studies of the most common characteristics present in the environment under investigation,
highlighting the presence of indoor environment variability [34].

4.2. Root Mean Square Error (RMSE) and Hierarchical Clustering

For Zhang, Ortiz, and Bluyssen [35], generalizing problems related to Indoor Environ-
mental Quality (IEQ) in classroom environments is challenging as they manifest differently
among individuals. Likewise, searching for solutions becomes complex, making it impossi-
ble to study the relationship between solution and problem individually. In this context,
the research highlights that grouping individuals emerges as the most effective solution, as
explored in this study.

According to Feng et al. [36], using RMSE offers several advantages in evaluating
model effectiveness. Specifically, this metric allows for the analysis of model performance
and sensitivity, as demonstrated in this study, where Model 5 exhibited the lowest RMSE,
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proving to be the most accurate in predicting productivity concerning thermal comfort.
These results are similar to those of Qi et al. [37], who investigated individuals using a
methodology to assess factors influencing Thermal Sensation Vote (TSV). They proposed a
model based on local body temperature, showing lower RMSE than other models.

Following the same line of research, Zhou et al. [38] developed the Predicted Mean
Vote (PMVp), a thermal comfort model intended for low atmospheric pressure locations.
They predicted people’s thermal sensation under four different conditions (0 km/26 ◦C,
3 km/26 ◦C, 4 km/26 ◦C, and 4 km/21 ◦C) and compared the results with Fanger’s original
model [5]. The RMSE indicated that the new model was more accurate in terms of reality.
To enhance these analyses, new technologies can be applied, as demonstrated by Ahmad
et al. [39]. Using machine learning, they compared the ability to predict thermal comfort
with and without spatial data. The RMSE revealed that including spatial parameters
reduced the estimated error by approximately 11.8%, aligning with the results achieved in
this study.

Karna and Gibert [40] emphasize the broad applicability of hierarchical cluster analysis
methods in various contexts, aligning with the research theme on thermal comfort, produc-
tivity, and classrooms. Through this approach, it was possible to identify the formation of
four distinct clusters as follows:

• Cluster 1 (Variable: Temperature):

# Models: 2, 10, and 7.
# Interpretation: These models share the use of the temperature variable in

their methodologies or analyses. The clustering suggests that these models
were developed to explore specific temperature-related effects. Therefore,
they would have been development in order to investigate how temperature
variation affects certain phenomena or results.

• Cluster 2 (TSV in similar age groups):

# Models: 3, 1, and 9.
# Interpretation: These models are grouped because they are derived from studies

with participants in similar age groups. This suggests that TSV may signifi-
cantly influence these specific age groups, and these models were developed to
explore this relationship.

• Cluster 3 (TSV in different age groups from the previous Cluster):

# Models: 8 and 13.
# Interpretation: These models are grouped due to studies with participants of

different ages compared to Cluster 2. This may indicate variations in the effects
of TSV in other age groups. Analysis of these models may offer insights into
how TSV influences different age groups.

• Cluster 4 (Model 11 as inferior performance):

# Model: 11
# Interpretation: Model 11 is placed in a later category, suggesting it performs

less well than the other analyzed models. This may indicate that Model 11
may not fit as well as the others in terms of the use or influence of TSV. The
mention of the impact of temperature variation on productivity also suggests
that Model 11 may not be as effective in this specific study context.

Interpreting these groupings explains how different variables, such as TSV and age
groups, are explored in the studies or models. This helps to identify specific patterns and
relationships, allowing for a more in-depth analysis of how these variables impact the
results of the studies. This clustering approach makes organizing and interpreting a large
amount of information more accessible, making it more straightforward to understand
the relationships between different models or studies. In summary, Figure 4 shows all the
results obtained during the research, covering aspects such as PRISMA and cluster analysis.
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Additionally, the importance of age groups has been highlighted in previous research,
such as that of Zheng et al. [41], which investigated the thermophysiological demands of
older people in summer, identifying physiological stress points in different age groups.
Similarly, Bennetts et al. [42] explored thermal comfort based on the aging of Australians,
resulting in six clusters based on personal characteristics and knowledge, among other
factors, enabling the formulation of new guidelines.

Based on investigations conducted by multiple researchers and referenced studies,
there is a significant advancement in understanding thermal comfort and its relation
to variables like temperature, Thermal Sensation Vote (TSV), and different age groups,
particularly concerning their link with productivity. The use of RMSE in various analyses
has been crucial in evaluating the accuracy and sensitivity of models, emerging as a valuable
metric for measuring the performance of these studies.

The diverse range of approaches, from conceiving new models to implementing
advanced technologies, illustrates the constant quest for more accurate and comprehensive
methods for assessing thermal comfort. Moreover, segmentation into clusters provides a
broad view of how these studies group based on specific variables, contributing significantly
to understanding the different approaches researchers adopt.

Thus, consolidating these findings and future perspectives outlines a promising land-
scape for the ongoing advancement in the study and application of thermal comfort in
various settings, emphasizing the importance of model accuracy and consideration of
multidimensional factors in their assessment and practical application.

4.3. Limitations of the Study

The comparison of different models can be influenced by the characteristics of the
sample and the peculiarities of a regression model. This may obstruct the effect of cluster
formation. To illustrate, the scope of this study considered several elements as follows: the
population included in the case study data, the environmental variables considered, the
specific type of building where the data was collected, the selected comfort models, the
scope of productivity analyzed, and the approach adopted to address the issue at hand. The
data originated from a university in Southern Brazil, limiting the population sample to uni-
versity students. This sample was carefully selected to represent that institution’s student
population accurately. The collected environmental variables comprised air temperature,
mean radiant temperature, and relative humidity in naturally ventilated environments.
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The selection of models for comparative analysis was limited to those based on co-
inciding environmental and personal variables available in the data, thus enabling the
application of this data to the models. These data included age, height, weight, collection
date and time, gender, clothing insulation, thermal sensation, thermal preference, metabolic
rate, estimated air velocity, and environmental variables mentioned. Additionally, mod-
els employing variables derived from available data, such as operational temperature
calculated from air temperature and mean radiant temperature, were considered.

Another limitation worth considering is the origin of the models used in the study.
None of these models were developed in Brazil or regions with similar climates. Notably,
six of these models originated in China, while the others came from Japan and Korea.
In addition, some of these models were designed for different contexts, such as offices
and climate chambers. Despite the various activities in offices, it is essential to note that
they share similarities with classroom activities, as both involve the same metabolic rate.
Similarly, climate chamber models simulate conditions that occur in classrooms.

The scope of the analyzed productivity specifically focused on the intellectual domain.
The models considered were developed for educational or office environments using
data on cognitive activities such as learning, memory, and concentration. The strategy
was to start from existing models to address the need to expand knowledge about the
relationship between intellectual productivity and thermal comfort. Comparative and
clustering analyses were conducted using established models to identify patterns in the
data and knowledge gaps within the studied context.

The crucial issue of transferring and applying the models to the sample under anal-
ysis highlights the need for a deeper and more thorough investigation, considering the
complexities presented, such as the different temperature ranges and the methodological
and conceptual diversity mentioned above. The variability of these factors can significantly
impact the generalizability and validity of the results. Ensuring the effective transfer of
transnational and cross-sectional models is a considerable challenge and may constitute
a distinct field of study. Exploring this aspect requires a critical analysis of the nuances
associated with the origin of the models and a comprehensive assessment of the specific
application conditions. Furthermore, the request to share thoughts and suggestions for
future research reveals the importance of developing guidelines or recommendations for
developers of future forecasting models. These guidelines could address specific issues
related to the adaptability of models to different contexts, taking into account geographical,
climatic, and methodological variations. Thus, by addressing model transfer in detail,
researchers can contribute significantly to reducing the problem of model comparability,
providing valuable insights for improving the effectiveness and applicability of these tools
in various scenarios.

4.4. Gaps in Research and Future Trends

According to Li et al. [43], revitalizing built environments goes beyond mere concern
for sustainability, potentially representing a powerful agent of transformation for health
and productive efficiency. In this sense, several research trends are emerging to integrate
thermal comfort to enhance people’s productivity.

Among these trends, adopting the Methodology for Computerized Textual Data
Analysis stands out, which, through Natural Language, can assess productivity in the
workplace. This methodology becomes an ally in quantifying productivity, enabling more
effective management and precise evaluation strategies [44]. Moreover, it is crucial to
investigate other elements that influence productivity, such as gender disparities and
their relationship with thermal satisfaction, as well as the ideal temperature to maximize
performance [20].

Another relevant strategy is implementing passive cooling interventions, which help
understand how thermal comfort perception is linked to heat exposure and its impact on
productivity. Considering current climate changes, this aspect gains even more importance
and increasingly demands energy for cooling workspaces [45]. On the other hand, in colder
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contexts, introducing multi-temperature heating systems is essential to promote well-being,
health, and productive efficiency [46].

Simultaneously with these interventions and systems, Xie et al. [47] propose using
Personal Environmental Control (PEC) to enable occupants to regulate the environment
according to their preferences. However, it is vital to investigate the freedom associated
with this control, especially concerning energy efficiency, productivity, and thermal comfort.
Complementarily, Siriwardhana and Moehler [48] suggest incorporating the perspectives of
individuals involved in the built environment into studies to obtain more precise informa-
tion about their experiences and understand the effects and impacts of these environments
on individuals.

In addition, cluster analysis provided insights into the reasons behind discrepancies
in model performance and demonstrated the need to consider interactions between inde-
pendent variables for a complete understanding. This contributes to optimizing existing
models and guides the development of new, more effective thermal comfort and productiv-
ity approaches. The steps taken to make the models comparable and the difficulties faced
during this study highlight the importance of meticulousness in research. These lessons
strengthen the validity of the results and provide a solid basis for future studies, promoting
significant advances in understanding and optimizing the relationship between thermal
comfort and productivity.

5. Conclusions

The complex understanding of the relationship between thermal comfort and produc-
tivity has been a persistent challenge for researchers, so this research set out to perform a
comparative assessment of the existing models in the literature that estimate productivity
based on thermal comfort. To this end, a hierarchical cluster analysis was carried out to
identify gaps and patterns in the modeling.

The models identified in the literature review were predominantly based on regression
analyses, often using second- and third-degree equations with a single dependent variable.
Although including more variables can complicate modeling using nonlinear regression,
this consideration can enrich the breadth and accuracy of the models. In particular, this
approach can be advantageous when using objective measurements, such as temperature,
to the detriment of individual and subjective responses, such as TSV. In addition, including
the variable of thermal insulation of the clothing seeks to guarantee the applicability of the
models in different environmental conditions, where the clothing can be standardized.

Productivity assessment revealed a predominance of objective methods compared to
case studies based on subjective evaluations and natural environments. This discrepancy
created limitations, which were especially apparent when trying to include models based
on personal assessment in the cluster analyses so that it would be possible to identify
patterns associated with their modeling, which were mainly influenced by the prevalence
of studies conducted in controlled environments.

It is proposed as a perspective for future research to conduct cluster analyses with
models based on subjective assessments from different studies. This analytical approach
identified possible reasons behind disparities in model performances, offering new perspec-
tives to enhance policies and practices in representing the relationship between thermal
comfort and intellectual productivity. The potential of cluster analysis to deepen the under-
standing of the challenges in modeling this phenomenon is highlighted, as demonstrated
in this study.

In summary, the comparative analysis of productivity models based on thermal com-
fort provided a comprehensive view of the complexities underlying this relationship. The
low methodological and conceptual diversity in the approach to the subject, highlighted
throughout this study, points to significant challenges in comparing and analyzing existing
studies. However, to amplify the practical applicability of these findings, it is crucial to
emphasize the importance of the results in the context of workplace design and the formula-
tion of policies related to thermal comfort. Furthermore, when considering future research,
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a more specific exploration of enriching variables in the modeling is suggested, as well as
a deeper analysis of the study’s limitations, including possible biases in model selection.
A more explicit connection with practical applications, ethical and social considerations,
and a conclusive summary of the main findings will provide a more robust and targeted
conclusion, contributing to significant advances in understanding the relationship between
thermal comfort and intellectual productivity.
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ASHRAE American Society of Heating, Refrigerating, and Air Conditioning Engineers
BLR Binary Linear Regression
HLM Hierarchical Linear Model
IAQ Indoor Air Quality
IE Indoor Environmental Quality
OR Ordinary Regression
PCA Principal Component Analysis
PEC Personal Environmental Control
PH Variation in productivity for men
PKAS Personalized Kitchen Air Supply
PM Variation in productivity for women
PMV Predicted Mean Vote
PPD Predicted Percentage of Dissatisfied
PR Polynomial Regression
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RMSE Root Mean Square Error
RP Relative performance
RVA Regression and Variance Analysis
SEM Structural Equation Modeling
StArt State of the Art through Systematic Reviews
T Temperature
TSV Thermal Sensation Vote
UTCI Universal Thermal Climate Index
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