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Preface
This thesis is the final piece of research that I perform as part of my master in Building Physics and Services at the
Eindhoven University of Technology. It is the most extensive research project I have ever conducted. The focus of this
research is on thermal comfort in offices. Thermal comfort is a fascinating topic to study: Its meaning is highly intuitive
to us as individuals and yet, when tasked with providing thermal comfort on a collective level, we are left scratching our
heads. The human dimension of the topic kept me continually engaged, while its analytical complexity posed an exciting
challenge. I hope that this attitude is conveyed to the reader of this report.
The COVID-19 pandemic had altered the nature of the project. I was neither able to conduct physical measurements,
nor did I implement a survey that I had prepared. In response to the circumstances at hand, approximately half of
my research was dedicated to the study of existing literature. Admittedly, I really enjoyed the inevitable shift towards
theoretical research and I tried to use the situation to my advantage. I hope that future academics find my research to be
of help. As I embark on a new journey, in pursuit of a PhD in computational fluid dynamics at the Eindhoven University
of Technology, I am keeping an eye out for interesting advancements in the field of thermal comfort.

I hope you enjoy the read,
Eugene Mamulova
Eindhoven, 16 January 2021
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II

Contents
The structure of the thesis is divided into four primary parts, followed by a conclusion. Each part contains a report that appropriates
the layout of a scientific article. The four articles are incorporated into the thesis but they are structured as independent documents.
While all four parts concern multi-domain thermal comfort modelling in offices, each part follows a different methodology in pursuit of
a dedicated objective. The conclusion that constitutes the fifth part of the thesis offers a summative discussion that unites the findings
of all four research packages and utilizes them to discuss potential directions for future research in the field of thermal comfort.
Part I consists of a literature review on multi-domain thermal comfort studies. The focus of the review lies on the scalability of
existing research outcomes. The article defines the concept of scalability which is subsequently echoed throughout the thesis and
culminates in a final discussion towards the end of the document. The literature review covers 62 studies and is thus used as the
primary source of literature for the subsequent articles. The review is hosted on Kaggle and is open to the public.
Part II is focused on multi-domain thermal comfort modelling using structural equation modelling. In this part, modelling is used
as a means to explain and understand thermal comfort for a given set of data. The outcome is referred to as an explanatory model.
Part III serves as an immediate follow-up to Part II. In contrast to its predecessor, it uses modelling as way to predict thermal
comfort. The approach used in this part is machine learning classification. This part tests the predictive potential of the explanatory
thermal comfort model by transforming it into a parsimonious predictive model and testing its performance on an independent data
split.
Part IV proposes a survey for measuring the influence of environmental and occupant-related influences on thermal comfort in
offices. The article provides a detailed account of the design process. The survey contains a large number of original and existing
scales that measure constructs from thermal comfort literature. The survey is a prototype and is available for use and modification.
Part V

provides a conclusive overview of the thesis, as well as suggestions for future research.
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A Review on Scalability of Multi-Domain Outcomes
concerning Thermal Comfort in Offices
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* Corresponding
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Despite the need for better industry standards and the efforts of academics, research outcomes in the
field of thermal comfort do not live up to their full potential, as they are difficult to scale. A review of
62 articles identifies existing outcomes concerning multi-domain thermal comfort in office environments.
The scalability of the research outcomes is explored through the lenses of scope, resolution and portability.
The review identifies trends concerning current research practices and seeks to steer the field towards
scalable research outcomes. The scope, resolution and portability of the articles is summarized using
visual statistics. Potential avenues for future research are proposed for each scalability indicator.

1. INTRODUCTION

THERMAL COMFORT

A. Background

Adults working in the tertiary sector tend to spend one third of
their day at the office [1], where they are continuously exposed
to external stimuli, generated by the environment and its users.
The human brain processes the external stimuli and the user
eventually adopts a perceptual stance towards the indoor
environment [2], which may be described via the notion of
comfort/discomfort. Existing literature on user perception
typically makes a distinction between thermal comfort,
acoustical comfort, visual comfort and indoor air quality [3–5].
Thermal comfort is the most widely studied [6] and its impact
on overall comfort is arguably the largest [7–9].
Thermal comfort in offices is studied due to its relation to
energy consumption and, even more importantly, energy
consuming user behaviour [10]. Moreover, 90% of company
costs are attributable to employee expenses [11] and, given the
established relationship between thermal comfort and user
satisfaction [12], as well as thermal comfort and user
productivity [1], favourable thermal conditions make for a
compelling business case and a relevant research topic. On the
basis of existing predictive models, technical standards are
developed to prescribe a comfortable baseline for office
environments. A prominent example is the implementation of
Fanger’s PMV/PPD model in the ASHRAE Standard
55-2017 [13] and the ISO Standard 7730-2005-11-15 [14].
However, in practice, current standards:
• Do not always yield accurate predictions [15]
• Do not consider the influence of non-thermal stimuli [16]
• Do not account for interactions between the stimuli [17]
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LEGEND
DOMAIN

Factor
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Fig. 1. Physical, social, contextual and non-social domains, adapted from [18].

The latter two issues are addressed in current literature via
multi-domain research and interaction effect analysis, respectively.
Thermal comfort stimuli originate from the environment and
from its inhabitants. Figure 1 presents four primary domains
that influence thermal comfort. The physical and contextual
domains stem from the environment. Social and non-social
domains encompass personal stimuli. Social factors such as
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demographic information and work information are observable.
Meanwhile, non-social factors pertaining to one’s psychological
or physiological functions typically require extensive
measurements. To this end, the two personal domains are
labelled antonymously. The figure lists, per domain, the
underlying factors and variables that are present in existing
literature. The illustration is not comprehensive but it allows
extensive insight into the multi-domain approach to thermal
comfort. Multi-domain research analyses any combination of
physical, contextual, social and/or non-social variables [18].
The variables influence thermal comfort in direct and indirect
ways, as shown in Figure 2. Direct effects are referred to as
crossed effects, while indirect effects are better known as
interactions. The consideration of both effects is important,
seeing as the undetected presence of significant interaction
effects may skew the analysis of crossed effects.

Variable B

this review is to identify existing outcomes and assess their
scalability. Existing literature on thermal comfort does not
provide a formal definition for scalability. A typical thermal
comfort article uses the introductory section to delimit the scope
of the study. The method section usually contains an overview
of the experiment setup and the modelling method. The results
and discussion are dedicated to reporting the outcome. In this
review, scalability indicators are implicitly defined to address
the scope, the methodology and the outcome of every study. To
this end, scalability is defined using four indicators, namely;
scope; resolution; portability; and performance.
B.2. Scope

Scope is a term that alludes to matters of sight or aim. In line
with this notion, Zeigler, 2000, [20], defines scope as the fraction
of the world that is captured. The concept lends itself nicely to
thermal comfort research, where the real world can be said to
have infinite scope, while the scope of thermal comfort studies is
finite and largely reliant on the objective of the individual study.
B.3. Resolution

Thermal
Response

Variable A

2

Interaction effect
Crossed effect

Fig. 2. Schematic diagram depicting crossed and interaction effects.

Despite the consistent influx of multi-domain studies on
thermal comfort, the outcomes thereof tend to remain
unemployed. Discontinuity in the field is largely attributable to
a lack of usable outcomes. Existing reviews cover existing
approaches, results and limitations to a great extent. On the
other hand, no review article with a focus on usability is
identified throughout the course of this study. Usability of the
outcomes constitutes the main focus of this review and is
henceforth referred to as scalability.
B. Research Objective
B.1. Scalability

The term scalability is intuitive due to its interdisciplinary
presence and colloquial tone. Yet, it lacks formal definition. In
the context of computer architecture, Hill, 1992, proposes that a
system be considered scalable if e f f iciency(n, x ) = 1 for all
algorithms, number of processors n and problem sizes x [19]. In
other words, the efficiency is the indicator used to assess the
scalability of a system and scalability is shown to increase as
efficiency approaches 1.
An equivalent definition of scalability is proposed in this
review. In the context of thermal comfort, the research
outcomes are the system. A research outcome may be an
explanatory model, predictive model, visual analysis,
qualitative observation or any other form of conclusive
information regarding thermal comfort. The most common
research outcomes are explanatory thermal comfort models and
predictive thermal comfort models. The former aim to
understand and explain thermal comfort for a given data set,
while the latter aim to train a model and subsequently test its
capacity to predict thermal comfort. The primary objective of

Following the optical narrative, where scope delimits the field
of vision, resolution is defined via the zoom function.
Resolution concerns precision and granularity [20]. In the
context of thermal comfort research, resolution refers to the
precision of the experiment setup and the granularity of the
respective outcome.
B.4. Portability

Portability implies mobility or the ability to move. In the
context of thermal comfort research, portability is defined as the
ease of implementation of a specific outcome in a different
setting. For example, Fanger’s PMV/PPD model is developed
in a laboratory and it is currently used in mechanically
ventilated buildings [13].
B.5. Performance

Performance is a measure of how useful an outcome is. For
example, if the outcome is a predictive model, its predictive
capabilities indicate its usefulness. Common expressions of
performance are accuracy, effectiveness, goodness-of-fit and
goodness-of-prediction. Depending on the research outcome,
quantifying its performance may prove challenging. For the
sake of comparability, the performance of existing research
outcomes is not examined in this review.
A truly scalable solution satisfies all relevant conditions by
maximizing all four indicators. Absolute scalability implies
infinite scope and resolution, capturing the full extent and
complexity of the real world. It also implies absolute portability
and performance, allowing for application and maximum
accuracy in every possible setting.
Naturally, absolute
scalability is not feasible and, in practice, it is replaced by a
trade-off. Maximizing one or more qualities is expected to
decrease the remaining qualities and the ratio of one quality to
another may vary. The definition of scalability is proposed as
part of the study and does not have a single identifiable
precedent. This review does not intend to condemn any
research; neither explicitly nor implicitly. The aim is to steer
future thermal comfort studies towards scalable outcomes by
reviewing trends in existing research. The main research
questions follow the proposed definition of scalability and are
as follows:
1. What are trends and limitations concerning the scope of
existing research outcomes?
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2. What experiment resolution and outcome resolution is
observed in multi-domain research?
3. What trends and limitations arise regarding the portability
of existing research outcomes?

2. METHOD
A. Literature Search

The searching process is outlined in Fig. 3, according to the
Preferred Reporting Items for Systematic Reviews and MetaAnalyses or PRISMA methodology. This research constitutes a
scoping review [21], as it builds upon the works of Torresin et al.,
2018 [6], Wu et al., 2020 [17] and Schweiker et al., 2020 [18] and
is accompanied by a systematic search. The search is conducted
on May 30, 2020, using the Scopus platform and the query is as
stated below.
Articles identified
Torresin et al., 2018
n = 45

Articles identified
Wu et al., 2020
n = 20

Articles identified
Schweiker et al., 2020
n = 219

Articles identified
via systematic search
n = 3,089

represent discrete paths. The tree diagrams can be read
top-down, bottom-up and side to side. For example, it is visible
that the most common research trend is that of studies F-H.
Starting from the bottom, one can obtain the fingerprint of any
individual study. Left to right, one can calculate that a total of 5
studies fall under Value 1. In this review, the tree diagrams are
used to extract collective statistics for each scalability indicator,
resulting in a total of four diagrams. The diagrams can also be
used to extract information on each individual study but the
latter lies beyond the scope of this literature review.

SCALABILITY INDICATOR
62 ARTICLES

PARAMETER 1
3

5

2

2

3

[Study B,
Study C]

[Study D,
Study E]

[Study F,
Study G,
Study H]

Category 1
Category 2

PARAMETER 2
Value 1
Value 2

Total articles
excluded
n = 11

Total articles
excluding duplicates
n = 3,373

Total articles
excluded
n = 3,227

Total articles
screened
n = 3,362

Total articles
excluded
n = 73

Total articles assessed
for eligibility
n = 135

Studies included
n = 62

Fig. 3. Flow diagram of the literature selection process.

"thermal" AND "comfort" AND (multi-domain OR visual OR
acoustic OR personal OR contextual OR satisfaction OR perception
OR "combined effects" OR interaction OR perceived OR control))
AND ( LIMIT-TO ( PUBYEAR,2020))
The search yields a total of 3,089 results. Once duplicate articles
are removed, the title and abstract of each article is screened for
exclusion criteria. Exclusion criteria include thermal comfort
studies clearly unrelated to office environments, personalized
comfort studies, studies concerning user health or user
performance, studies regarding overall comfort, (thermo)visual
comfort, (thermo)acoustical comfort or any other variation
where the notion of thermal comfort is not distinct. Similarly,
literature included by Torresin et al., 2018 [6], Wu et al., 2020
[17] and Schweiker et a., 2020 [18] is filtered for relevant studies.
B. Organisational Structure

The final literature selection comprises 62 multi-domain thermal
comfort studies. The review is structured using a database that
comprises a collection of 27 parameters per study. The purpose
of the database is to log as much data as possible, while the goal
of the literature review is to present the data in an informative
manner. To this end, each scalability indicator is summarized
using a tree diagram, of the form shown in Figure 4. The tree
diagram decomposes 62 articles into a set of branches that

3

[Study A]

Fig. 4. Format used to represent scalability indicators.

Table 1 lists the parameters included in the database, followed
by a description of how they are presented in the literature
review. Parameters 9-14 are used to represent the scope of the
studies. 9-13 are discretized for inclusion in the diagram. 14
is not included in the literature review. The same approach
is applied for scope and resolution. Parameters 15-19 and 2021 concern the experiment resolution and outcome resolution,
respectively. Finally, parameters 22-26 are related to portability.
Performance metrics are also logged, where available.
B.1. General Characteristics

General characteristics include the year of publication, the city
where the study takes places and the period during which the
study is carried out. The start time is relevant to laboratory
studies, which rarely last more than a few hours. A summary
of the research outcomes is also composed. Additionally, the
database contains a log of whether the participants are asked to
evaluate their experience, post-experiment. Parameters that are
selected for the literature review are presented in tabular form.
B.2. Scope

The scope of a study is predominantly represented by the
variables that are included in the research. While a study can
span a maximum of four domains, there is no limit to the
amount of variables that a study can include. The database
inventorizes all contextual, social, non-social and physical
variables that are used for thermal comfort modelling, along
with their respective measurement scales, units and values,
where applicable. Should a study treat multiple constructs
adjacent to thermal comfort, such as overall comfort or
productivity, variables that are not explicitly used for thermal
comfort modelling are excluded from the database. Scope also
encompasses participant control and control variables. The
former refers to the presence or absence of opportunities for the
participant to adjust their thermal environment. The latter
refers to variables that are kept constant throughout the course

Part I

Eindhoven University of Technology - Master Thesis

4

Table 1. Overview of the parameters logged in the database and included in the literature review.

Indicator

Parameter
Name

General

Scope

Experiment Resolution

Outcome Resolution

Portability

Performance

Database

Literature Review (Tree Diagrams)

1. Citation

Reference to journal article

Reference to journal article

2. Main author

Surname of the main author.

Surname

3. Publication

Year of publication.

Year

4. Location

City where the study takes place.

City

5. Period

Period(s) during which the study takes place.

-

6. Start time

Start time of the experimental procedure.

-

7. Summary

Key research findings.

Description

8. Evaluation

Study evaluation by participants: Yes/No.

-

9. Contextual variables1

Contextual independent variables included in the
study: Name, scale, units and values, if applicable.

Number of variables

10. Social variables1

Social independent variables included in the study:
Name, scale, units and values, if applicable.

Number of variables

11. Non-social variables1

Non-social independent variables included in the
study: Name, scale, units and values, if applicable.

Number of variables

12. Physical variables1

Physical independent variables included in the
study: Name, scale, units and values, if applicable.

Number of variables

13. Participant control

Participant control
conditions: Yes/No.

Yes/No

14. Control variables

Variables controlled as part of the experiment:
Name, units and values, if applicable.

over

the

environmental

-

15. Participants

Number of participants included in the study.

Number of participants

16. Buildings2

Number of buildings included in the study.

Number of buildings

17. Exposure3

Total length of experiment, excluding preparation.

Minutes

Design of experiment conditions: Within/ Between
subjects.

Within/Between subjects

19. Factorial

Full-factorial design: Yes/No.

Full-factorial: Yes/No

20. Effects

List of crossed and interaction effects included in
the outcome. Significant: Yes/No.

Interaction effects: Yes/No

21. Dependent variables

Dependent variables included in the study and a
description of the measurement scales used.

Number of variables Scale: Discrete/ Continuous4

9. Contextual variables

Description of the measurement scales used.

Scale: Discrete/ Continuous4

10. Social variables

Description of the measurement scales used.

Scale: Discrete/ Continuous4

11. Non-social variables

Description of the measurement scales used.

Scale: Discrete/ Continuous4

12. Physical variables

Description of the measurement scales used.

Scale: Discrete/ Continuous4

22. Study type

Type of study: Laboratory with neutral setting/
Laboratory with office-like setting/ Field study.

Type: Neutral lab/ Office lab/ Field

23. Explanatory model

Modelling method and description.

Explanatory model: Statistical/Other

24. Predictive model

Modelling method(s) and description of the
outcome.

Predictive model: Yes/No

25. Context

List of contextual information provided in the article.
Name, units and values, if applicable.

-

26. Survey

Survey type and survey contents, source, duration
and reliability: Available/ Unavailable.

Contents or source: Available/ Unavailable

27. Predictive model

Reported performance metrics.

-

1

Included variables are limited to thermal response modelling, regardless of the scope of the study. 2 A laboratory is registered as one building. 3 Not applicable to field studies.

4

The parameters are only classified as discrete if no continuous scales are used.

of the study. Control variables are included in the database,
alongside their respective measurement scales, units and values,
but they are not discussed in the literature review.
B.3. Experiment Resolution

Experiment resolution is represented using the number of
participants, the number of buildings, the length of the
experiment and the design of the experiment conditions. The

number of participants is representative of the population but it
is not always representative of the sample size. In a transverse
study, each participant yields one sample, while a longitudinal
study collects more than one measurement per occupant. The
spatial granularity of the experiment is measured using the
number of buildings. No additional parameters, such as the
number of floors, spaces, rooms or zones, is included in the
database. Experiment exposure is relevant to laboratory studies.
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The review isolates studies that last under one hour due to the
fact that experiments that exceed the 60 minute threshold are
likely to be twice or three times as long. Field study exposure is
not available in the database but in the literature review, it is
assumed to be longer than 60 minutes. Finally, factorial design
is relevant to controlled studies, where a set of design
conditions are defined. A full-factorial design examines all
possible design conditions. The database logs all uncontrolled
studies as fractional factorial, as their nature inhibits
full-factorial analysis.
B.4. Outcome Resolution

Outcome resolution largely depends on the complexity of the
effects that are modelled in the study. The database includes an
extensive list of crossed and interaction effects that are treated
in existing literature, as well as a record of whether the effects
are found to be significant. The focus of the literature review is
on the overall inclusion or exclusion of interaction effects in
current literature. Outcome resolution is also related to the
number of dependent variables used to measure thermal
response. In addition, the resolution of the outcome is affected
by the resolution of the variables, which is represented by the
measurement scales. A description of the measurement scales is
included in the database. Studies that use at least one
continuous scale to measure thermal response are classified as
continuous in the outcome resolution tree. Studies that examine
discrete conditions are classified as discrete.
B.5. Portability

The portability indicator is represented by the type of study, the
explanatory model; where applicable, the predictive model;
where applicable, and the contextual and survey information
provided in the study. Each entry is classified as either a
laboratory study with a neutral layout or a laboratory study
with an office-like layout or a field study, with the latter being
the most representative of a real environment. In the presence of
an explanatory model, the modelling method and a description
of the analysis is recorded in the database. The literature review
makes a distinction between statistical explanatory models and
other explanatory models, such as tabular, visual and
observation driven analyses. Statistical explanatory models
typically employ parametric or non-parametric testing, as well
as statistical modelling techniques that evaluate the significance
of certain variables. Similarly, the predictive modelling method
and a description of the outcome is recorded in the database,
where applicable. The portability tree classifies existing
outcomes as predictive and non-predictive. The inclusion of
contextual and survey information is indispensable to follow-up
research and application. The database contains an overview of
the contextual information included in each of the 62 studies.
The information is often extensive and the database may not be
complete. Erring on the side of caution, context is not currently
included in the literature review. Survey information includes
an overview of the contents or a reference to the original source,
as well as a report of the survey duration and reliability. The
availability of all four metrics is recorded in the database. If a
study provides the items and scales used for data collection or,
at the very least, a source for the items and scales used, the
portability tree classifies survey information as available. If
neither are available, survey information is considered
unavailable.
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3. RESULTS
Access to the data set is available via the Kaggle platform.
Table 2 provides a list of general characteristics for each of the
62 articles [22–83]. Figure 5 shows the tree diagram for the
scope indicator. The work of Fanger, 1977, is excluded from the
diagram due to lack of information [27]. Figure 6 shows the
experiment resolution tree, which includes 61 articles. The work
of Menzies et al., 2005 [61], is excluded, as the number of
participants is unclear. Figure 6 summarizes the outcome
resolution of 62 studies. Finally, Figure 8 shows the portability
tree. The diagram encompasses 61 studies.The work of Fanger,
1977, is excluded from the diagram due to lack of information
[27]. The four diagrams are available in a larger format in
Appendix A. The parameters included in each diagram are not
visualized in order of importance. The visualizations are used
to identify trends and limitations in the research field and are
not used to rank individual studies in relation to their peers.

4. DISCUSSION
A. Scope

Starting at the base of the tree, the diagram shows that
approximately two thirds of existing studies do not provide
control possibilities to the occupants. Lack of participant control
allows for better control over the experiment. However, in a real
office environment, occupants exhibit adaptive actions, such as
opening windows and adjusting their clothing. Thus, limiting
their behaviour may also limit the scope.
It is highly uncommon for a study not to include any
physical variables. The vast majority of the studies include at
least one physical variable, which is usually indoor air
temperature. 38 out of 61 studies include two or more physical
variables. Commonly studied, non-thermal variables include
illuminance, correlated colour temperature and sound pressure
level.
The inclusion of social variables is far less frequent. Variables
such as age and gender are almost always reported but they
are not always included in the outcome. 11 studies include one
social variable and 9 studies include two or more social variables.
The remaining 40 studies do not include social variables. A total
of 18 studies include a combination of at least one physical
variable and at least one social variable.
Non-social variables are the least studied. A total of 10
research outcomes include one non-social variable and only 6
research outcomes examine two or more non-social variables.
Moreover, non-social variables tend to differ with every study.
A total of 15 studies include a combination of at least one
physical variable and at least one non-social variable. Only 5
studies include the combination of one or more physical, social
and non-social variables.
The influence of contextual variables is more commonly
studied than that of social and non-social variables, although
their presence in existing literature is far less recurrent than that
of physical variables. 22 studies include one contextual variable
and 9 studies include two or more contextual variables. A total
of 28 studies include a combination of at least one physical
variable and at least one contextual variable. 11 studies include
the combination of one or more physical, social and contextual
variables. 5 studies include the combination of one or more
physical, non-social and contextual variables.
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Table 2 General characteristics of the articles included in the review.
Citation

Main Author

Publication Location

Summary

[22]

Ishibashi

2010

Fukuoka

Significant contributions to thermal sensation in a cold environment include air temperature
(main), time of day (crossed), thermovisual (interaction) and thermotemporal (interaction).

[23]

Huang

2012

Beijing

Temperature has one-veto power over the effects of illuminance and sound pressure level.

[24]

Te Kulve

2018

Maastricht

Thermal comfort is influence by visual comfort but interactions between temperature, CCT
and/or illuminance are not significant.

[25]

Witterseh

2004

Sound pressure level does not significantly affect thermal sensation or acceptability.

[26]

Balazova

2008

Office type does not significantly affect thermal sensation.

[27]

Fanger

1977

Lyngby

No effect of noise on thermal comfort.

[28]

Nagano

2005

Nagoya

Sound affects hot sensation.

[29]

Nagano

2001

Sound affects thermal comfort. Sound does not affect thermal sensation.

[30]

Sakurai

1990

The effect of standard effective temperature and sound pressure level on thermal comfort is
greater than that of illuminance. Significance is not stated.

[31]

Haldi

2010

Thermal sensation is related to visual sensation and is not related to olfactory sensation.

[32]

Guo

2017

Thermal comfort differs significantly between summer and winter.

[33]

Tiller

2010

Gender and noise affect thermal comfort.

[34]

Pellerin

2003

Noise may alter thermal pleasantness in warm conditions.

[35]

Bae

2020

Statistically significant differences in overall thermal comfort and satisfaction with temperature
for gender, hours per week in office and percentage of time in primary space.

[36]

Ko

2020

California

Thermal sensation is lower with a window. Thermal pleasure is higher with a window. Thermal
comfort is higher with a window. Thermal acceptability is not influenced. Time of day and
order of experimental conditions do not confound thermal perception.

[37]

Wang

2020

Qingdao

Thermal sensation and thermal expectation are is affected by emotion during sitting and
standing and unaffected by emotion during exercise. Thermal comfort is affected by thermal
conditions, as well as by emotion during sitting, standing and exercising. Thermal satisfaction
is affected by emotion during sitting, standing and exercising. Thermal sensation and thermal
comfort are significantly correlated with blood pressure, heart rate and heart rate variability.
In general, thermal perception is affected by emotion during sitting and standing. In general,
thermal perception is not affected by emotion during exercise.

[38]

Brambilla

2020

Sydney

Hue-heat hypothesis not rejected for warm environments (26 °C).

[39]

Chinazzo

2020

Lausanne

Daylight colour affects thermal perception at temperatures that are close to comfortable.

[40]

Guan

2020

Qingdao

Thermal sensation: No main or interaction effects between thermal and acoustic variables.
Thermal sensation: Significant correlation with skin temperature and fingertip blood perfusion.
Thermal comfort: Main effect between acoustic variables and thermal comfort. No interaction
effects. Thermal comfort: No correlation with skin temperature or fingertip blood perfusion,
suggesting that comfort stems from psychological factors.

[41]

Guan

2020

Qingdao

Thermal sensation: Interaction effect between temperature and noise level. Thermal comfort:
Main and interaction effect between temperature and noise level. Effect of noise on thermal
perception is stronger in hot conditions. Linear relationship between heart rate and thermal
comfort at every thermal condition.

[42]

Tang

2020

Chongqing

Thermal comfort is not affected by acoustical, visual or air quality variables.

[43]

Wu

2020

Tianjin

Electroencephalography can be used to predict thermal comfort.

[44]

Gauthier

2020

Wollongong,
Vancouver,
Ahmedabad,
Amman, Seoul,
Southampton

Significant difference between genders in relation to thermal sensation clusters. No significant
difference for age, change from climate of origin and window opening behaviour in relation to
thermal sensation clusters. Clusters suggest presence of psychological traits.

[45]

Kallio

2020

Northern
Finland

Thermal comfort classification is most accurate when temperature, relative humidity, air
pressure and carbon dioxide are included in the model.

[46]

Marin-Restrepo

2020

Concepcion,
Santiago

No significant relation between thermal preference and spatial layout. Significant relation
between thermal sensation and spatial layout. Possibly significant interaction between spatial
layout and city in relation to thermal sensation, preference and acceptability.

[47]

Merabet

2020

Mafraq, Azraq

Age, gender, body-mass index and air temperature can be used to predict thermal comfort.
Continued on next page
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[48]

Salehi

2020

Ilam

Skin temperature can be used to predict thermal sensation. Length of exposure significantly
affects thermal sensation below 21d°C and above 31°C.

[49]

Schweiker

2020

Karlsruhe

Standard effective temperature, day of experiment and type of building significantly affect
thermal expectation, while outdoor temperature and sex do not. Thermal expectation
significantly affects thermal comfort.

[50]

Schweiker

2020

Karlsruhe

Season and gender significantly affect thermal perception and interact with standard effective
temperature, depending on the thermal dimension (sensation/comfort/pleasantness).

[51]

Wu (Yuxin)

2020

Chongqing

Thermal history significantly affects thermal sensation. Heart rate and thermal sensation are
significantly related.

[52]

Golasi

2019

Granada

General discrepancy in thermal perception across correlated colour temperature CCT values.
Thermal perception varies significantly under neutral-cold light and warm-cold light and that
it varies insignificantly under neutral-warm light. CCT is a significant influence on thermal
perception, second to gender.

[53]

Kumar

2016

Jaipur

Seasonal variation of mean comfort temperature, according to the Griffiths method, is about
5.4 °C. While the significance of the influence of season on thermal sensation isn’t statistically
examined, thermal sensation is seemingly related to outdoor temperature.

[54]

Matsubara

2004

Kyoto

Main effect of colour, temperature and RC noise on thermal sensation is significant. Interactions
between temperature and colour are not significant. Interactions between temperature and
sound are significant. Interactions between colour and sound are significant. Interactions
between temperature, colour and sound are significant. Sound has a facilitatory effect on the
hue-heat hypothesis.

[55]

Mustapa

2016

Fukuoka

Ventilation-dependent variability of comfort temperatures is higher in free running offices,
although the mean comfort temperature is 26.6 °C for both ventilation types. A statistically
significant influence of ventilation type on thermal sensation is not confirmed, although
participants in free-running spaces resort to adaptive behaviour in order to maining
thermoneutrality.

[56]

Wang

2018

Qingdao

Thermal sensation differs significantly between warm and neutral, neutral and cool and
warm and cool walls, indicating a main effect. Thermal comfort is subject to main and
interaction between colour and temperature, where warmer colours are more comfortable
in cooler conditions and vice versa.

[57]

Lou

2019

Xiamen

No statistically significant differences between administrative and research offices in terms of
overall thermal satisfaction or temperature satisfaction.

[58]

Toftum

2018

Lyngby

Correlated colour temperature CCT has a significant main effect on sensation and preference
under thermoneutrality (22 °C). CCT and gender have a significant interaction effect on
sensation and preference under thermoneutrality, where females respond stronger to changes
in CCT. Clothing insulation and length of exposure are significant confounds.

[59]

Greene

1980

Colorado

Wall colour doesn’t have a significant main effect on thermal sensation or perceived ambient
temperature. Wall colour by sex interaction and has a significant effect on perceived ambient
temperature. The effect of temperature on perceived ambient temperature is significantly
affected by sex and differs significantly across participant trials.

[60]

Blankenberger

2019

Oregon

Participants are exposed to a wood wall finish and a neutral wall finish. Wood wall treatment
results in thermal sensation closer to neutrality, higher thermal acceptability and thermal
preference significantly closer to neutrality.

[61]

Menzies

2005

Edinburgh

Thermal comfort votes for four buildings are compared but no relation between comfort and
window aspects is clearly established.

[62]

Freihoefer

2015

Minnesota

Thermal satisfaction and overall satisfaction differ significantly. Thermal satisfaction in open
and closed spaces differs significantly. Thermal satisfaction is significantly influenced by
temperature, relative humidity and air velocity.

[63]

Huebner

2016

London

Main effect of lighting colour on thermal comfort indicators, including preference, in most
conditions, with higher ‘comfort ratings’ under warm light. For perception and acceptance, an
additional interaction effect of light and temperature is found, limiting the effect of light to the
lower temperature range. Inter-session differences in ambient temperature cause significant
differences in comfort responses. Mean session temperature affects comfort responses. Gender
affects thermal preference.

[64]

Chinazzo

2019

Lausanne

Daylight illuminance and its interaction with indoor temperature does not significantly affect
thermal sensation or thermal preference. Daylight illuminance significantly affects thermal
comfort and thermal acceptability. The interaction between daylight illuminance and indoor
temperature significantly affects thermal comfort at low and high temperature extremes. Sex
and the order in which the daylight illuminance levels are presented are significant factors for
thermal sensation and preference. The running mean outdoor temperature substantially affects
thermal sensation and comfort. Time of day and body-mass index significantly affect the latter.
Continued on next page
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[65]

Choi

2012

ANOVA of ambient temperature for perimeter and interior workspaces does not yield
significant differences. Radiant asymmetry is linked to workspace location. Significant main
effect of radiant assymetry and therefore, workspace location on thermal satisfaction. Significant
main effect of age and gender on thermal sensation and satisfaction.

[76]

Schweiker

2016

Karlsruhe

Lack of perceived control has a significant negative effect on neutral temperatures. Perceived
control decreases as occupancy count increases but the number of people does not affect the
neutral temperature directly.

[67]

Molhave

1993

Denmark

No significant relationship between thermal comfort and volatile organic compound VOC
concentration is found. Interaction between temperature and VOC conentration is also nonsignificant.

[68]

Liang

2014

Miaoli,
Taichung

Thermal satisfaction is significantly lower in conventional buildings and in individuals with no
concern for energy conservation. The influence of gender is not statistically significant.

[69]

Teramoto

1996

Nara

Exposure to dim light of 200lx results in significantly cooler thermal sensation in the afternoon,
than after exposure to bright light of 4000lx.

[70]

Mangone

2014

De Lier

Presence of plants results in significantly higher thermal comfort, in all seasons. Operative
temperature significantly impacts thermal comfort. Illuminance, relative humidity, daily
average cloud cover, season and the extent of window control are not significant.

[71]

Jamrozik

2018

Rochester

Main or interaction effects are not identified due to fractional factorial design. Thermal
satisfaction in two out of five conditions is significantly different from the baseline condition.

[72]

Chinazzo

2018

Switzerland

Thermal sensation is not significantly affected by illuminance. Thermal satisfaction is
significantly lower at lower illuminance levels. Interaction between temperature and
illuminance is speculated but untested. Interaction between season and illuminance is
supported due to difference in effect size in winter and summer. Three-way interaction between
temperature, illuminance and season is not significant.

[73]

Baniya

2018

Espoo

No support for hue-heat hypothesis with regard to thermal comfort and thermal sensation.

[74]

Yun

2008

Cambridge

Thermal comfort is significantly affected by perceived control over temperature, such that
higher controllability results in higher comfort levels.

[75]

Manu

2016

Ahmedabad,
Bangalore,
Chennai, Delhi,
Shimla

Outdoor temperature has a significant effect on neutral temperatures in mixed mode and
naturally ventilated buildings. The effect is non significant for air-conditioned buildings.
Interaction between building type and outdoor temperature remains unexamined.

[66]

Schweiker

2016

Low neuroticism results in significantly higher thermal preference but has no effect on
thermal sensation. Low extraversion is more susceptible to interaction with standard effective
temperature SET than high extraversion, in relation to thermal sensation and preference. High
openness is more susceptible to interaction with SET than low openness, in relation to thermal
preference. General self-efficacy has no significant effects. Thermal self-efficacy results in
significantly lower thermal preference but has no effect on thermal sensation.

[77]

Chinazzo

2019

Thermal comfort is higher under orange light and significantly higher only at 26 °C. As a
result, the interaction between glazing colour and indoor temperature on thermal comfort is
significant. The effect of gender is not significant.

[78]

Gauthier

2015

London

Relationship between reported comfort and carbon dioxide concentration is not significant.

[79]

Pivac

2018

Split

Lower body-mass index and higher occupancy count result in significantly lower thermal
satisfaction. Illuminance and carbon dioxide concentration significantly affect thermal
satisfaction. Teaching staff is significantly more satisfied with thermal conditions during
winter than non-teaching staff. The effects of age, gender and tenure are not significant.

[80]

Te Kulve

2016

Maastricht

Thermal comfort is not affected by exposure to bright or dim light in the morning. At 23 °C, a
significant correlation between thermal comfort and visual comfort is found.

[81]

Kim

2017

Seoul

Activity level does not have a significant effect of thermal comfort.

[82]

Raja

2001

Oxford,
Aberdeen

Frequency of blind, window and fan usage, as well as proximity to controls, are related to
thermal sensation. Significance is not explicitly discussed.

[83]

Vasquez

2013

Santiago

Thermal sensation component is not significantly affected by office layout or season. Thermal
sensation component is significantly affected by the presence/absence of an outside view and
artificial lighting frequency ALF.
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STUDY OUTCOME SCOPE

LEGEND

61 ARTICLES

CONTROL
Yes No

39

22

PHYSICAL
0

1

2+

2

11

2

9

8

29

SOCIAL
0

1

2+

3

8

4

4

6

4

21

4

NON-SOCIAL
0

1

2+

3

5

CONTEXTUAL

[66]

17

[28,40]

[21,78]

[36]

[80]

[10,22]

[44]

[41]

[7,9,14,
17,24,31,
32,35,38,
65,67,74] [8,34,84]
12

0

3

3

[33]

[30] [39]

[46]

[59]

[70]

3

1
[76,79] [57,63]

[75]

[47,49,51]

[42]

[54]

[62,81]

[50]

[53,79]

[6,20,23,48]

[42,43,58]

2+
[55]

[37]

[39,90]

[88]

[29]

[72]

Fig. 5. Scope of existing study outcomes; a tree diagram. The references at the bottom of the diagram are updated manually, in accordance with this literature review.

EXPERIMENT RESOLUTION

LEGEND

61 ARTICLES

PARTICIPANTS
1-10

11-500

501+

7

48

6

EXPOSURE
< 60 min

>= 60 min

7

8

40

3

11

6

WITHIN/BETWEEN
within

between
5

2

5

29

6

FULL-FACTORIAL
yes
no
5

BUILDINGS

2

5

[31,43,68,
70]

[72]

[23]

[75]

1

3

[29,30,33,
44,74]

11

[26,28,34,37,
38,39,41,52,
55,57,79]
[40,60,61]

11

6

18

[24,25,35,42,
53,59,64,
65,78,81]

[27,46,49,50,
51,63,67,71,
77,80,82]

[69]

[45,56,73,84]

2-9
10+
[48,58,66]

[32,36,47,54,76,83]

Fig. 6. Resolution of existing experiments; a tree diagram. The references at the bottom of the diagram are updated manually, in accordance with this literature review.
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Looking at the bottom of the diagram, a single cluster of
literature is identified. The cluster contains 12 studies and
marks a trend in the scope of multi-domain thermal comfort
studies. The trend concerns controlled studies which include
two or more variables that are limited to the physical domain.
The remaining 49 studies possess fingerprints that are almost
always unique. The absence of trends in social, non-social and
contextual domains is attributed to the weak presence of the
three domains in multi-domain research. Only 2 studies include
variables from each of the four domains. The fundamental
premise behind multi-domain thermal comfort modelling is the
inclusion of multiple domains and, as shown by the results, it
constitutes a great challenge for the authors of today and
tomorrow.
The summative assessment reveals that the scope of existing
studies is predominantly limited to one or two domains. One
can conclude that while the scope of the thermal comfort
modelling field is broad, the scope of the average study does
not successfully capture the complexity of the real world. The
combined use of physical, contextual, social and non-social
variables in future thermal comfort studies is encouraged, with
particular attention to the understudied influence of social and
non-social variables.
B. Experiment Resolution

The tree isolates several trends in existing experiment setups.
Experiment resolution benefits from large population sizes,
seeing as individual occupants introduce inter-occupant
diversity. Large samples may introduce noise but they also
increase the strength of persistent signals that can help explain
thermal comfort.
The trunk of the tree shows that
approximately 10% of studies include less than 11 participants.
Studies involving more than 500 participants are equally scarce.
The former are referred to as mini-studies and the latter; as
maxi-studies. Midi-studies with 11-500 participants constitute
the majority.
Moving downwards, it is visible that experiment exposure
is rarely shorter than 60 minutes. There are only 8 studies that
fall below the threshold and they are all laboratory experiments
involving a mid-sized population. The remaining 27 laboratory
experiments have an average duration of over 5 hours, unlike
the 26 field studies, where the experiment duration is assumed
to be equal to that of an average workday. In summary, most
studies account for thermal comfort during different parts of the
day, such as the morning or afternoon.
There are 21 within-subject experiments and 40
between-subject experiments. There are 37 full factorial studies
and 24 fractional factorial studies. There is considerable overlap
between the two parameters, such that within-subject
experiments are always full-factorial and 35 out of 40
between-subject experiments are fractional factorial. In addition,
full-factorial studies involve mini to mid-sized populations,
while fractional factorial studies range from midi-studies to
maxi-studies.
Inter-occupant diversity and inter-building diversity are akin,
such that both contribute to the granularity of the experimental
conditions. The vertical branches at the base of the diagram
split according to the number of buildings that are included in
each study. Only 10 out of 61 studies incorporate 10 or more
buildings and an additional 8 studies incorporate between 2 and
9 buildings. An overwhelming majority of existing studies take
place in a single building, be that an office or laboratory.
Looking further at the 8 vertical branches of the diagram,
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overall trends and limitations concerning experiment resolution
are revealed. From left to right, the first two branches consist of
mini-studies with a full-factorial setup that take place in one or
two buildings. A noteworthy observation is that all of the
studies, with the exception of Yun et al., 2008 [74], are
conducted in a laboratory. The next four branches consist of
midi-studies with a full-factorial setup that take place in one
building, with the exception of Liang et al., 2014 [68]. Similarly
to the first two, the four branches are almost entirely limited to
laboratory studies. A visible shift in experiment resolution
occurs at the threshold between the sixth and seventh branch.
The seventh branch from the left consists of 18 midi-studies that
are no longer limited to one building. The cluster includes field
studies, controlled field studies and laboratory experiments that
allow occupant control. The eight branch consists of 6
maxi-studies that each incorporate more than 10 buildings. The
latter branch consists solely of field studies.
Field studies are more likely to have access to a large
population size in more than one building. Laboratory studies,
on the other hand, are more likely to control the experiment to
the extent that is necessary for full factorial, within-subject
analysis. One fundamental conclusion is drawn from the
summative evaluation: The resolution of thermal comfort
experiments is largely dictated by the type of experiment and
very few authors deviate from the established conventions.
Controlled field studies constitute one such deviation, as they
maintain the spatial, temporal and occupant granularity of a
typical field study while allowing for a laboratory-grade
full-factorial analysis. Future researchers are encouraged to look
beyond prescribed methodologies with the aim of maximizing
experiment resolution. Potential directions include the use of
more than one building, exposure times that are representative
of typical office conditions, participation of larger population
sizes and control over field study design conditions.
C. Outcome Resolution

The resolution of an outcome alludes to its complexity. In this
review, complexity is not defined as a positive or negative
attribute. Modelling interactions between two or more variables
increases the complexity of a research outcome. As indicated at
the top of the outcome resolution tree, 45% of existing studies
model interaction effects.More than half of existing research
does not account for indirect influences on thermal comfort in
office buildings. A total of 35 studies use discrete variables to
examine a fixed set of conditions. The remaining 27 studies use
continuous independent variables. The former simplify the
analytical complexity of the experiment at the expense of the
experiment resolution.
The granularity of the outcome
decreases as the granularity of the experiment decreases.
17 studies use one or more continuous scales to measure
occupant thermal response, while 45 studies implement the use
of discrete scales alone. Occupant thermal response is most
often measured using Fanger’s thermal sensation vote. Of the
23 studies that only measure one construct, most use the
aforementioned 7-point Likert scale. The base of the diagram
reveals that most authors measure 2-4 dependent variables and
that only 7 out of 62 studies utilize 5 or more constructs to
assess occupants’ thermal response. Increasing the amount of
dependent variables increases the outcome resolution.
However, when working with several dependent variables,
authors in the field exhibit a dangerous tendency to cherry-pick
variables with the aim of only reporting significant results.
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STUDY OUTCOME RESOLUTION

LEGEND

62 ARTICLES

EFFECTS
Interaction
No interaction
28

34

INDEPENDENT
Discrete
Continuous
22

6

9

4

21

13

DEPENDENT
Discrete
Continuous
13

DEPENDENT

[24,33,78]

[23,28]

11

[32,46,52,63,
66,69,70,
75,79,83]

[11,44,62,
52,81,82]

[68]

[80]

4

17

1
[51]

[38,39,41,42, [26,29,30,35,73][47,54,77]
55,57,59]

2-4

[37,53,60,
61,74]

[27]

[43,48,49,50,
56,58,71]

[67,76,84]

5+
[25,40,64]

[45]

[34,65]

[36]

Fig. 7. Resolution of existing outcomes; a tree diagram. The references at the bottom of the diagram are updated manually, in accordance with this literature review.
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STUDY OUTCOME PORTABILITY
61 ARTICLES

TYPE OF STUDY
Office lab
Neutral lab
Office field

11

25

25

EXPLANATORY MODEL
Statistical
Other

11

25

3

22

PREDICTIVE MODEL
Yes
No
SURVEY

22

10
[26,39,65,
77,82]

[43]

Available

18

[34,40,53,59,61,64,74,78]

4

[36,47,50,54,
63,66,75,84]

[76]

[48] [24,27,56,58,69,
71,72,73,80,83]

[32,45,
49]

[46]

Unavailable

[41,42,51,67,79]

[23,25,29,30,31,35,37,38,52,55,57,60,68,70,81]

[33,44]

[62]

Fig. 8. Portability of existing outcomes; a tree diagram. The references at the bottom of the diagram are updated manually, in accordance with this literature review.
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D. Portability

The initial split in the portability tree corresponds to the type of
study. Laboratory studies constitute almost 60% of existing
literature. However, they are predominantly neutral and
office-like setups are rare. The remaining 40% of studies are
conducted in the field. Despite the overlap, thermal comfort
and thermal comfort in offices are not identical constructs. As
such, immersion into an office-like environment yields results
that are more attuned to the context, thereby increasing the
portability of a research outcome. Current research is no longer
restricted by technology and data collection in offices does not
pose significant technological challenges. To this end, office
field studies involving big data constitute an important
direction for future research.
The use of statistical techniques is a staple in explanatory
thermal comfort modelling, such that only 4 out of 61 studies
fall outside the category of statistical explanatory models.
Explanatory models enhance one’s understanding of thermal
comfort and their abundance is welcome, as they assist
researchers in identifying prevailing theories. In contrast, a
large discrepancy is observed in predictive thermal comfort
modelling, seeing as only 9 out of 61 outcomes are tested for
predictive use. In other words, most studies report whether a
given variable is found to be a significant thermal comfort
stimulus but they do not report whether its contribution is
sufficient for predicting thermal comfort. The latter takes a toll
on the portability of existing research and inhibits the
development of better industry standards.
A scalable
alternative to current research practices involves the co-creation
of both types of models, where the explanatory model ensures
that the outcome is relevant and the predictive model ensures
that the outcome is usable in the field.
Approximately one third of existing studies include
information that enables the reader to reconstruct the survey
that is used for data collection, of which 14 studies provide the
items and scales directly and 10 studies mention the original
source of the survey. Thermal comfort studies typically employ
the design of custom surveys that are tailored to the given study.
Without a detailed account of the survey in question, it is not
possible to deduce the semantic representation of the items and
scales. The lack of information constitutes a paradox, as authors
are implicitly discouraged from reusing existing surveys and
inevitably contribute to the ever-expanding list of
under-reported survey designs. The field of thermal comfort
modelling would benefit from a more transparent approach to
survey design.

5. CONCLUSION
This study takes the form of a literature review with a focus on
multi-domain thermal comfort. The review classifies 62 articles
according to the scalability of the research outcomes. Scalability
is defined using scope, experiment resolution, outcome
resolution and outcome portability. Scope represents the
fraction of the world that is included in the study, experiment
resolution describes the granularity of the experiment setup,
outcome resolution is symbolic of the complexity of the final
product and outcome portability is an indicator of how easy the
outcome is to apply in a follow-up setting. Each of the four
indicators is subject to certain research trends. Certain trends
contribute the advancement of the research field, while others
are destructive. The latter formulate a literature gap that can be
addressed via more scalable research practices. The trends
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identified in this scoping review reveal that the average thermal
comfort experiment is not designed with scalability in mind.
The scope of existing research outcomes is largely limited to
the physical domain. Despite the relevance of social, non-social
and contextual factors, their individual presence in existing
studies is limited and the combined presence of all four
domains is almost non-existent. Moreover, most studies do not
accommodate adaptive occupant behaviour. Broadening the
scope of existing models is intrinsic to a better representation of
the real world, as well as to a better understanding and
prediction of thermal comfort in offices. Future researchers are
advised to include variables beyond the physical domain and
incorporate adaptive behaviour into their experiments. It is bad
practice to exclude relevant variables out of convenience. A
suggestion for future researchers is to review findings from
existing studies in order to ensure that important multi-domain
stimuli are included. While individual study outcomes are not
discussed in this review, a summary of the outcomes is
provided and the open-source database can be used to isolate
robust theories concerning thermal comfort in offices.
The resolution of existing experiments is at the mercy of
standard protocols, such that laboratory studies are limited to
one building and modest population sizes, while field studies
often boast a large number of participants, more buildings and
longer exposures. In contrast, laboratory studies allow for
control over the design conditions, while participants in the
field are exposed to uncontrolled stimuli. Both study types
experience a loss in resolution as a result of their nature. The
loss in resolution can be mediated, should the author choose to
prioritize scalability over convenience. Controlled field studies
constitute a potential avenue for future research that would
enable a high degree of control in a realistic setting, with a
possibility to scale the length of exposure, the number of
participants and the number of buildings.
Additional
information on the resolution of each individual study is
available in the database and may be used for the design of
high-resolution experiments.
Outcome resolution bears important implications for our
understanding of thermal comfort in offices. The exclusion of
interaction effects from thermal comfort models skews the
contribution of direct effects. Given that most existing studies
do not assess interactions between variables, interaction effects
make for an exotic ingredient for future multi-domain research.
Outcome resolution is also dependent on the measurement
scales used to assess occupants’ thermal responses. Currently,
there are no consensuses regarding measurement scales or
sub-scales and it is not clear which scales and sub-scales are
most representative of the constructs they seek to measure. In
the interest of resolution, authors may choose to measure
multiple constructs using continuous scales and discretize them
at a later stage.
An outcome is likely to be practicable if it is designed with
the end goal in mind. If the end goal is to enable follow-up
research, information on the context of the study and the data
collection methods is needed. If the end goal is to understand
thermal comfort in offices, explanatory modelling is key. If the
end goal is the development of new technical standards,
predictive modelling is required. While most thermal comfort
studies have the potential to accommodate all three scenarios,
most existing studies fall short on one or more portability
aspects. In order for future researchers to build on existing
studies, authors must ensure that their work can be reproduced
using the information they provide. In the interest of generating
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portable outcomes, thermal comfort researchers are encouraged
to combine explanatory modelling and predictive modelling in
a single framework, rather than treat the two models as
mutually exclusive components in the field of thermal comfort.
In conclusion, existing studies on thermal comfort in offices
do not display any propensity towards scalable research
practices. This review identifies several directions that have the
potential to transform the landscape of the research field into
one that is more oriented towards practicable research.
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8.

9.

A. Limitations and Future Work

In this review, scope, resolution and portability are used to
represent scalability. The indicators are currently treated as
distinct notions. In reality, the indicators are not mutually
exclusive and may even share common variables. For example,
the type of study influences the portability of an outcome but it
has also been shown to dictate the resolution of a given
experiment. Future work involving a different set of indicators
may constitute a valuable addition to the current insights. The
analysis may be further improved via the inclusion of
additional thresholds; for example, a separate category for
controlled field studies.
The inclusion of the outcome
performance indicator may also be considered in the future.
The focus of this review lies on the scalability of the research
outcomes and not on the outcomes themselves. Scalability
addresses the nature and extent of the research field and does
not provide a qualitative evaluation of the available research.
The database enables a more profound analysis of the selected
studies. Researchers are encouraged to explore the potential of
the data that is logged in the database and use it to examine
individual studies at a higher level of detail. Researchers are
also welcome to consider additional scalability parameters. For
example, study period is currently included under general
characteristics but may also represent the resolution of a given
experiment. Researchers are also encouraged to contribute to
this review by including more recent studies.
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Fig. 11. Resolution of existing outcomes; a tree diagram.
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Current thermal comfort models are limited to thermal variables, while existing literature indicates that
the influence of multiple domains is at play. This study presents a unique analysis of the combined
influence of indoor temperature, sound pressure level, illuminance, occupancy count, gregariousness
and assertiveness on summer thermal discomfort. The responses of 524 office workers of two office
buildings, which are located in the Netherlands, during the cooling season are analysed. The outcome
constitutes a structural equation model which indicates that thermal discomfort is significantly affected
by (i) temperature, (ii) sound pressure level, (iii) the interaction between temperature, sound pressure
level and illuminance, (iv) and the interaction between gregariousness and occupancy count. The results
forms a basis for the inclusion of physical interactions in future predictive models and formulate a
premise for additional research on the mediational effects of personality traits on thermal discomfort.

1. INTRODUCTION

THERMAL COMFORT

A. Thermal Comfort

Thermal comfort is a subjective response, or state of mind, where
a person expresses satisfaction with the thermal environment.
It may be partially influenced by a variety of contextual and
cultural factors [2]. Researchers aim to understand and model
thermal comfort in order to design and operate comfortable
office spaces. At the moment, 40-50% of energy use in office
buildings is allocated to conditioning the indoor environment
and yet, there is a large discrepancy between thermal comfort
predictions and actual comfort [3, 4]. Current models are mostly
limited to thermal variables, such as outdoor temperature [5],
indoor temperature, indoor relative humidity and air velocity [6].
There is a growing consensus, however, that thermal comfort is
a multi-domain problem and that better predictions necessitate
the inclusion of personal, contextual and physical factors [1].
Figure 1 presents four primary domains that influence
thermal comfort [7]. The physical domain encompasses indoor
and outdoor climate factors. The contextual domain includes
geographical, design, system, occupant and temporal factors.
The personal domain is composed of the social domain and the
non-social domain. The former includes demographics, activity,
work and status-related factors, while the latter includes
psychological and physiological factors. The underlying
variables exert direct and indirect influences on thermal comfort

ENVIRONMENTAL

PERSONAL

PHYSICAL
DOMAIN

CONTEXTUAL
DOMAIN

SOCIAL
DOMAIN

NON-SOCIAL
DOMAIN

Indoor
Thermal / Visual /
Acoustical /
Air Quality

Geography
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State of affect
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signals

Outdoor
Thermal

Design
Envelope / Façade /
Space / Interior
System
Type / Operation /
Control / Access

Work
Tenure / Job type /
Working hours

Occupant
Occupancy
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Economy /
Education

Time
Time of day /
Weekday / Season

Clothing level /
Exposure

LEGEND
DOMAIN

Factor
Variable

Fig. 1. Four domains that influence thermal comfort, adapted from [1].

perception in office buildings and it is expected that their
inclusion can explain thermal comfort to a greater extent than

Part II

thermal variables alone.
B. State of the Art

Table 1 provides a summary of existing findings concerning the
effect of temperature, illuminance, sound pressure level, carbon
dioxide concentration, office layout, occupancy and personality
traits on thermal perception [7].
B.1. Physical Influences

The majority of existing studies examine the influence of the
physical domain [7]. The effect of illuminance on thermal
comfort is not supported [9, 11]. The effect of correlated colour
temperature is more widely supported in existing literature
[27, 28]. There appears to be a consensus in support of the
negative effect of sound pressure level on thermal
comfort[16–20], such that a decrease in sound pressure level
results in an increase in thermal comfort. Huang et al., 2012,
suggest that indoor temperature dominates the audiovisual
climate in relation to thermal comfort, such that uncomfortable
temperatures result in thermal discomfort, regardless of the
sound pressure level or illuminance conditions [14]. The effect
of carbon dioxide concentration on thermal comfort appears to
not be significant [12, 15, 21].
B.2. Contextual Influences

Existing literature suggests that office layout and occupancy
count may influence thermal perception [15, 23, 24]. However,
there is a lack of research concerning the effects of office design
and occupancy on thermal comfort.
B.3. Psychological Influences

Schweiker et al., 2016, suggest that personality traits influence
occupant thermal perception and behaviour [26]. The authors
find that individuals with high extraversion are less likely to
be affected by temperature. Research concerning the influence
of personality is very limited, in spite of the expectation that
inter-occupant differences contribute to the performance gap
between predicted and measured thermal comfort.
Extraversion, one of the Big Five, is a measure of sociability
[pp.99, 29]. The construct is subdivided into sub-components
known as facets. Facets of extraversion include gregariousness
and assertiveness [pp. 79, 30]. Gregarious individuals enjoy
being surrounded by other people. Assertive individuals take
control of a given situation.
C. Structural Equation Modelling
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using sensors [7]. This research builds on the theory that indoor
temperature and sound pressure level contribute to thermal
discomfort. This study aims to examine the direct influence of
temperature and sound pressure level on thermal comfort, as
well as the interaction between the variables.
Existing studies indicate that the influence of psychological
factors is overlooked and is often assumed responsible for
discrepancies in the research [10, 13, 35, 36]. The conjecture
motivates the focus of this research, which lies on the role of
personality traits in relation to thermal comfort. This study
examines extraversion at facet level. It is hypothesized that
assertiveness and gregariousness moderate the influence of
other variables, either increasing or decreasing their effect on
the occupant.
The aim of this research is to interpret thermal comfort as a
system of multi-domain influences. The approach proposed in
this research is SEM and the current objective is to construct a
multi-domain model in order to test several theories concerning
the influence of temperature, illuminance, sound pressure level,
occupancy count, assertiveness and gregariousness on thermal
comfort. This study concerns itself with thermal discomfort
during the cooling season. The outcome is expected to take the
form of an interpretable model. The model may be used for
insight into thermal comfort and it may also be used as a basis
for constructing a predictive thermal comfort model containing
significant influencers from multiple domains.
E. Hypotheses

The research is based on a series of hypotheses regarding direct
effects, Mi , and indirect effects, Ii on summer thermal
discomfort.
M1 : Indoor temperature exerts a positive effect on thermal
discomfort.
M2 : Sound pressure exerts a positive effect on thermal
discomfort.
M3 : Occupant gregariousness exerts a negative effect on thermal
discomfort.
I1 : Indoor temperature exerts negative effect on the interaction
effect between sound pressure level and illuminance on
thermal discomfort.
I2 : Occupant assertiveness exerts a positive effect on the effect
of indoor temperature on thermal discomfort.
I3 : Occupancy count exerts a positive effect on the effect of
occupant gregariousness on thermal discomfort.

Structural equation modelling, or SEM, is an approach that
allows for simultaneous analysis of observable and latent
variables [p.9, 31]. It is well-suited for research involving
psychological constructs, which are latent by nature. SEM is
also highly interpretable, which makes it an effective technique
for constructing an explanatory model. The use of SEM in
thermal comfort research is limited, despite the cognitive and
behavioural character of the topic in question. Sugini &
Nugraha, 2018, construct a new PMV index that accounts for
psychological adaptation using SEM [32, 33]. Kim et al., 2019,
use SEM to examine the mediational effect of outdoor and
indoor climate variables on window opening behaviour [34]. To
the knowledge of the authors, no existing study examines the
mediational effect of personality using SEM.

In short, an increase in either indoor temperature or sound
pressure level is expected to increase thermal discomfort. An
uncomfortable indoor temperature is expected to decrease the
effect that sound pressure level and illuminance would have in
a comfortable thermal environment. Assertive individuals are
expected to be more thermally uncomfortable at higher
temperatures than unassertive individuals, who are expected to
be more lenient. Gregarious individuals are expected to be more
thermally comfortable than non-gregarious individuals and the
effect is expected to become more apparent as the number of
occupants in the room increases.

D. Research Objective

The data set used in this research is extracted from a series of
cross-sectional field measurements that have been conducted
during the years 2015-2018. The measurement protocol is

2. METHOD
A. Experimental Setup

Physical factors are commonly studied, as they are directly
representative of the indoor climate and are easy to measure
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Table 1. Summary of existing outcomes concerning physical, contextual and non-social variables that are included in this research.

Domain

Physical

Contextual
Non-social

Effect on thermal perception

Supporting

Rejecting

Undefined

Main effect of illuminance

[8]*[9]*[10]*

[11]*[12][13]

[14][15]

Interaction between illuminance and indoor temperature

[11]*[8]−

[-]

[14]

Main effect of sound pressure level

[16]+ [17]+ [18]+ [19]+ [20]+

[12]

[14]

Interaction between sound pressure level and indoor temperature

[16]+ *[20]+

[16][19]

[14][18]

Interaction between illuminance, sound pressure level and temperature

[14]−

[-]

[-]

Main effect of carbon dioxide concentration

[-]

[12][21][15]

[22]

Interaction between carbon dioxide concentration and temperature

[-]

[-]

[-]

Main effect of office layout

[23]*[24]*

[23]*

[-]

Main effect of occupancy count

[15]− *

[25]*[15]

[-]

Main effect of extraversion

[26]− *

[-]

[-]

Interaction between extraversion and temperature

[26]− *

[-]

[-]

− Negative effect. + Positive effect. * Thermal perception other than comfort.

outlined in the conference proceedings [37]. The data points
used in this study are limited to June and July 2016. The
remaining observations occur during the heating season and
excluded, as the focus of the study is on the cooling season. The
measurements were taken in two office buildings in the central
and eastern Netherlands. Table 2 shows a summary of the
building characteristics.

Table 2. Summary of building characteristics for buildings B1 and B2.

Province

Construction

Floor Area[m2 ]

Ground Floor [m2 ]

B1

Gelderland

1988

15,778

1,825

B2

Overijssel

1995

11,328

1,925

623 office employees participated in the study. Table 3
provides a summary of the occupant demographics. The final
sample size is equal to 524, of which 94% (N = 493) of the
participants indicate that their work is mainly sedentary. The
metabolic rate is therefore assumed constant across
observations. The clothing insulation value is calculated
according to the ASHRAE-55-2017 standard [38]. Adaptive
opportunities in the form of clothing adjustments (N = 352),
temperature control (N = 125) and operable windows
(N = 515) are available to the participants.
Table 3. Summary of social characteristics for buildings B1 and B2.

Gender

B1 (N = 324)

B2 (N = 200)

µ±σ

µ±σ

Male

N
154

N
88

as physical and contextual observations, were performed and
recorded by the experiment leader. Subjective information,
concerning the personal social and personal non-social domains,
was provided by the participant via an online questionnaire.
B.1. Physical Variables

Physical measurements were made using a portable set of
sensing equipment. Table 4 provides a list of measured
variables and a description of the respective equipment.
Additional information is available in the conference
proceedings from the 15th EuroFM Research Symposium [39].
Outdoor temperature and outdoor relative humidity
measurements are not examined further as the influence of
outdoor conditions in a mechanically controlled building is
expected to be marginal [40]. Indoor relative humidity values
do not fall outside the acceptable range of 30-70% [37] and the
measured carbon dioxide concentration does not exceed 1200
ppm [15]. The variables are excluded from further analysis, as
their effect size is expected to be negligible. Given that the
building is conditioned and most windows were closed during
the measurements, an assumption is made that air velocity
v ≤ 0.09m/s [37].
B.2. Contextual Variables

The measurements were conducted in a number of different
spaces. The length, l, width, w and height, h, of each space was
measured by the experiment leader. In addition, the number of
chairs, Nchair , desktop workplaces, Ndesk and occupants present
at the time of the survey, Nocc was recorded. The variable area
per occupant, Aocc , is calculated according to Equation 1.
Aocc =(l · w)/Nocc [m2 ]

(1)

Age

43±10

47±8

B.3. Non-social Variables

Iclo

0.5±0.1

0.4±0.1

Age

43±10

45±8

Iclo

0.5±0.1

0.5±0.2

Non-social variables are collected using individual
questionnaire items, which are subsequently combined to
represent a construct. Thermal perception is assessed via the
construct of thermal discomfort due to heat. Table 5 lists the
questionnaire items used to measure thermal perception. Items
c1 -c3 are excluded, given the focus on the cooling season. Item
s1 on thermal sensation is excluded, as it does not reflect the
cognitive perception of discomfort. Item t1 is excluded from
further analysis due to lack of specificity towards heat or cold.
Personality traits are assessed via the construct of extraversion,

Female

170

112

B. Data Collection

The measurement procedure consisted of objective and
subjective measurements. Most objective measurements, such
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Table 4. Physical variables and equipment used for data collection.

Variable

Symbol

Unit

Description

Tout

[o C]

Obtained from [41] at the moment the occupant was questioned.

Outdoor relative humidity

φout

[o C]

Obtained from [41] at the moment the occupant was questioned.

Indoor temperature at 0.7 m

Tin

[o C]

TESTO 610 temperature sensor, -10 - +50 ±0.5 o C

Indoor relative humidity on desktop

φin

[%]

TESTO 610 relative humidity sensor, 5 - 95 ±2.5%
Velleman DEM201, 30 - 130 ±1.4dB

Outdoor temperature

level1

SPL

[dB( A)]

Illuminance

E

[lx]

VOLTCRAFT MS- 1300, 0.1 - 50000 lx ±5%

CO2 concentration at desktop height

CO2

[ppm]

Atal ENV-MB350NV carbon dioxide sensor, accuracy ±30 ppm ±5%

Sound pressure

1

Average of three background readings, each taken over a period of 45 s with a 10 s pause between each reading.

which is subdivided into two facets; gregariousness (g1 -g4 ) and
assertiveness (a1 -a2 ) [42]. Table 6 lists the questionnaire items
pertaining to the construct of extraversion.
C. Structural Equation Modelling

Kline, 2011, outlines 6 basic steps in SEM [p.92, 31]:
1.
2.
3.
4.
5.
6.

Specify model
Identify model
Evaluate model fit
Interpret estimates
Re-specify model (optional)
Report results

Steps 1, 3, and 4 are explained below. Model identification is
performed as part of model specification.
C.1. Model Specification

Model specification is the process of digitally representing the
model of interest. It can be done using graphical symbols or
equations. In this research, the model is specified in two steps.
First, a simple model A0, which excludes any interaction effects,
is specified. This is done for better control over potential errors.
Once model A0 passes the identification and evaluation stages,
model A1, which includes all interaction effects, is specified. In
both cases, model specification is first performed graphically,
using standard LISREL matrix notation [43]. The models are
then specified using lavaan syntax in R [44]. Figure 2 lists the
SEM elements that are relevant to this research and provides a
graphical representation thereof.

Structural Model
exogenous latent variables
variances/covariances for exogenous variables
endogenous latent variables
variances/covariances for endogenous variables
causal path between endogenous and exogenous variables
disturbances for endogenous variables
Measurement Model
exogenous observable variables
measurement variance for exogenous variables
loadings for exogenous variables
endogenous observable variables
measurement variance for endogenous variables
loadings for endogenous variables

C.2. Model Evaluation

Model evaluation encompasses model estimation via digital
means, as well as the evaluation of how well the model explains
the data. The former is done using the lavaan package in R [44].
The latter is performed via test statistics and fit indices.

Fig. 2. Illustration of relevant SEM notation.

Fit Indices
Model Test Statistics

The χ2 statistic is used to evaluate the exact-fit hypothesis, such
that p > 0.05 does not reject the null hypothesis that there are
no discrepancies between the actual covariances and those
predicted by the model. However, the χ2 statistic is sensitive to
multivariate non-normality, sample sizes N > 300 and unique
variance [31]. To this end, the χ2M statistics for the specified
model and its baseline are corrected for non-normality and only
used to calculate the comparative fit indices.

Kline, 2011 [31], suggests the use of complementary indices,
such as the parsimony-corrected RMSEA index, the absolute
GFI index, the comparative CFI index and the SRMR statistic.
Newsom, 2020 [45], in accordance with Finney & Di Stefano,
2013 [46], proposes the following guidelines for assessing DWLS
estimation for ordinal data:
1. Chi-square, χ2
2. Root Mean Square Error of Approximation, RMSEA ≤ 0.05
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Table 5. Items, item scales and reliability concerning thermal perception.

Construct/Facet

Symbol

Thermal discomfort due to overheating

ηh

General discomfort

h1

It is too hot in here now.

5-point

0.871

Lower body discomfort

h2

I have warm feet.

5-point

0.711

Upper body discomfort

h3

I have warm hands.

5-point

0.691

Thermal discomfort due to cold

ηc

General discomfort

c1

It is too cold in here.

5-point

0.761

Lower body discomfort

c2

I have cold feet.

5-point

0.731

Upper body discomfort

c3

I have cold hands.

5-point

0.721

Thermal sensation

ηs
How would you rate the actual indoor temperature:

7-point

I rate the temperature in this room at this point in time as:

10-point

s1
Thermal comfort

Likert Scale

Cronbach’s Alpha α
0.83

0.81

ηt
t1

1

Item

When item is excluded.

Table 6. Items, item scales and reliability concerning personality constructs.

Construct/Facet

Symbol

Gregariousness

ξg

Assertiveness

1

Item

Likert Scale

Cronbach’s Alpha α
0.55

g1

I prefer to work in a completely open space with several people.

5-point

0.431

g2

I prefer to work alone in a room.

5-point (R)

0.401

g3

I love working with others.

5-point

0.471

g4

I involve my colleagues in carrying out my work.

5-point

0.571
0.46

ξa
a1

I can always communicate in an open way.

5-point

a2

I adjust my job to the work of my colleagues.

5-point

When item is excluded. (R) Reverse scale.

3. Bentler Comparative Fit Index, CFI ≥ 0.95
4. Standardized Root Mean Square Residual SRMR ≤ 0.08
C.3. Model Interpretation

Fit statistics are subject to uncertainty, as they are somewhat
blind to misspecification. Interpretation of the parameter
estimates and residual covariances is used to evaluate the
potential mismatch between the numerical results and the
underlying theory [pg. 93, 31]. Moreover, at this stage, the
existence of equivalent or near-equivalent models is discussed.
D. Data Preparation

The initial data set is filtered for outliers and missing values. A
cluster of observations where SPL ≥ 1000dB( A) (N = 6) is
identified and removed. Similarly, a sparse range of values
Nocc ≥ 20 (N = 77) and Aocc ≥ 75m2 (N = 12) are excluded, as
they are not considered representative of the population. Two
variables, Tin · a1 and Tin · a2 , concerning the interaction
between indoor temperature and occupant assertiveness are
created. Similarly, two variables, Nocc · g1 and Nocc · g4 ,

represent the interaction between occupancy count and
occupant gregariousness. A three-way interaction variable is
created via the product SPL · E · T. The relationship between
indoor temperature and thermal comfort is expected to be
non-linear. An exponential transformation, e Tin , is therefore
applied to the indoor temperature variable. The final data set
comprises 13 variables and 524 observations. Table 7 lists all
variables that are included in the final data set. During the
modelling stage, the variables are referred to via their SEM
notation.

3. RESULTS
A. Descriptive Statistics

Figure 3 provides a visual summary of the underlying
distributions. Variables Tin , SPL, E and Nocc are continuous.
The distributions are visibly skewed and E and Nocc exhibit
potential leptokurtic behaviour. Variables a1 -a2 and g1 -g4 are
ordinal and cannot be tested for normality. As a result, the
distributions are not corrected for multivariate normality. The
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Table 7. Overview of variables included in the model.

Effect

Domain
Physical

Main
Non-social

Physical
Interaction

Physical and non-social

Contextual and non-social

Symbol

SEM Notation

Variable [unit]

e Tin

x8

Indoor temperature [o C]

SPL

x9

Sound pressure level [dB( A)]

g1

x1

Gregariousness [−]

g2

x2

Gregariousness [−]

g3

x3

Gregariousness [−]

h1

y1

General discomfort [−]

h2

y2

Lower body discomfort [−]

h3

y3

Upper body discomfort [−]

SPL · E · T

x10

Sound pressure level, illuminance and temperature [db( A)lx o C]

Tin · a1

x4

Indoor temperature and assertiveness [o C]

Tin · a2

x5

Indoor temperature and assertiveness [o C]

Nocc · g1

x6

Occupancy count and gregariousness [−]

Nocc · g4

x7

Occupancy count and gregariousness [−]

variables are normalized using min-max feature scaling. To
account for multivariate non-normality, robust DWLS
estimation, known as WLSMV in lavaan, is used to compute
the parameter estimates, robust standard errors and test
statistics [47].

CIlow

CIhigh

SRMR

0.030**

0.000**

0.053**

0.018**

summary of the parameter estimates. The exponent of indoor
temperature, x8 is expected to have a positive effect on thermal
discomfort due to heat, η1 . According to the results, the effect of
x8 on η1 is positive and significant at 99.9% confidence
(z > 3.09, p < 0.001). Sound pressure level, x9 is expected to
exert a positive effect on thermal discomfort due to heat, η1 .
The main effect of sound pressure level, x9 , is found to be
positive and significant at approximately 98% confidence
(z > 2.33, p < 0.02). The interaction between indoor
temperature, sound pressure level and illuminance, x10 , is
expected to exert a negative effect on thermal discomfort, η1 ,
such that an increase in indoor temperature will result in a
decreased audiovisual influence. The parameter estimate for the
three-way interaction, x10 , is found to be negative and
significant at 95% confidence (z > 1.96, p < 0.05).
Gregariousness, ξ 1 is expected to exert a negative effect on
thermal discomfort. The effect of ξ 1 on η1 is found to be
negative but it is not found to be significant. The interaction
between assertiveness and indoor temperature, ξ 2 , is expected
to be positive, to the extent that an increase in temperature will
result in an increased influence of assertiveness on thermal
discomfort. The two-way interaction ξ 2 is found to be positive
but it is not found to be significant. The interaction between
gregariousness and occupancy count, ξ 3 , is expected to be
positive, such that an increase in occupancy count will result in
an increased influence of gregariousness on thermal discomfort.
The two-way interaction ξ 3 is significant at approximately 95%
confidence (z > 1.96, p < 0.05). The results do not point to
model misspecification, as the directionality of the parameter
estimates respects the initial assumptions.

0.075*

0.064*

0.087**

0.037**

4. DISCUSSION

B. Model Specification

Figures 4 and 5 shows the graphical representation of models A0
and A1, respectively. The R script for both models is included
in Appendix A. 524 observations are sufficient for robust DWLS
estimation [48]. Model A0 contains 33 free parameters, resulting
in a ratio of 15.9 observations for every parameter estimated.
Model A1 contains 46 free parameters, resulting in a ratio of
11.4:1.
C. Model Evaluation

Table 8 shows a summary of the primary fit indices for both
models. The results indicate that model A0 constitutes a good
fit and model A1 constitutes an acceptable fit [49]. A detailed
investigation of the reliability of the recommended fit indices is
not within the scope of this research. The adequacy of model A1
is assessed further during the interpretation stage [50]. Model
A0 is not discussed further. Additional results are available in
Appendix B.
Table 8. Summary of primary fit indices for Model-A0 and Model-A1.

A0base
A0
A1base
A1

χ2

CFI

3210.652−

0.997**
0.956**

RMSEA

26.221−
3076.450−
178.464−

** Good. * Acceptable. − Not considered during model evaluation.

D. Model Interpretation

Figure 6 shows the parameter estimates, variance/covariance
estimates and factor loadings for model A1. Table 9 provides a

Table 10 provides an overview of the factor loadings computed
by the model. Factor loadings for η1 and ξ 3 suggest that the
indicators bear similar weight. However, factor loadings for ξ 1
and ξ 2 differ in magnitude. The imbalance is attributed to the
low internal consistency of the indicators, as previously shown
in Table 6. According to Kline, 2011, residual covariances
|θδ | > 0.1 may imply localized misfit due to model
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Fig. 4. Graphical representation of model specification - A0.
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Fig. 3. Visual summary of continuous and ordinal variables.

Table 9. Parameter estimates for Model-A1.

Parameter

γij

SE

Z

P(> |z|)

x8

0.643

0.203

3.177

0.001***

x9

0.357

0.151

2.368

0.018**

x10

-0.383

0.196

-1.951

0.051*

ξ1

-0.128

0.174

-0.736

0.462

ξ2

0.104

0.382

0.272

0.785

ξ3

0.394

0.198

1.988

0.047*

Fig. 5. Graphical representation of model specification - A1.

*** CI = 99.9%. ** CI = 98%. * CI = 95%.

misspecification [pg. 172, 31]. Table 11 shows the residual
covariances. Two instances indicate that it may be prudent to

consider the existence of equivalent or near-equivalent models.
Given the aforementioned issues concerning reliability, one may
consider re-measuring the same constructs using a more
extensive and well-known scale, such as the IPIP-NEO-120 [30],
prior to re-specifying the model. The authors propose a
two-step survey which accommodates data collection for an
equivalent model [51]. Alternatively, a near-equivalent model
including a different combination of personal non-social,
personal social, physical and contextual variables may be
considered. If a near-equivalent model is in question and its
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0.783

0.018

0.561

0.042

0.006

0.007

y1

1.000

y2

1.339

0.054

24.670

0.000

y3

1.410

0.062

22.771

0.000

state of affect may result in a more positive model evaluation,
but it would rely on continuous data collection during
implementation. In contrast, model A1 relies on a single
instance of personal data collection and the presence of typical
smart building sensors [52]. The model interpretation does not
violate the directionality of the six hypotheses. The model
estimates do not reject M1 , M2 , I2 and I3 , leading to several
implications.
Firstly, M1 and M2 indicate that indoor temperature and
sound pressure level exert a positive effect on thermal
discomfort. M1 and M2 are in good agreement with existing
literature. On the basis of the results, the authors encourage the
inclusion of both stimuli in future models. I2 suggests that
audiovisual stimuli are heavily mediated by indoor temperature
conditions. The inclusion of the three-way interaction provides
considerable insight into the physical domain. The findings
encourage future studies to consider multi-dimensional
interactions in the interest of better predictions. I3 indicates that
occupant gregariousness mediates the influence of occupancy
count on thermal discomfort due to heat. The outcome supports
the notion that the effect sizes of various external stimuli are not
constant across an office population, and that additional
research concerning inter-occupant differences in the form of
personality traits could yield better predictions.
The model estimates reject M3 and I1 . M3 indicates that
gregariousness does not directly influence thermal discomfort
due to heat. I1 shows that assertiveness does not mediate the
influence of indoor temperature on thermal discomfort, as
initially expected. The findings constitute a premise for the
exclusion of the gregariousness facet, as a direct influence, from
future models. Similarly, the findings do not support the
inclusion of the assertiveness facet as a mediator for indoor
temperature. Nevertheless, the individual hypotheses are
unprecedented and may be explored further via follow-up
research.

x2

1.000

x3

1.435

0.238

6.034

0.000

5. CONCLUSION

x4

1.000

x5

0.528

0.125

4.213

0.000

x6

1.000

x7

0.814

0.073

11.158

0.000

1.000 1.435

0.213

1.000 0.528

1.000 0.814

0.028

0.007

0.046
-0.128

0.045
0.104

0.009
0.394

0.432

0.643 0.357 -0.383 1.000 1.339 1.410

0.173

0.410

0.563

0.260

0.216

0.131

Fig. 6. Graphical representation of model estimation - A1.

Table 10. Factor loadings for Model-A1.

Factor

Indicator

η1

ξ1

ξ2

ξ3

λij

SE

Z

P(> |z|)

Table 11. Residual covariances for Model-A1.

y1

28

y2

y3

x2

x3

x4

x5

x6

y1

0.000

y2

0.001

y3

0.000

0.000

0.000

x2

0.032

-0.024

-0.013

0.000

x3

-0.022

0.008

0.020

0.000

x4

-0.009

0.009

0.017

-0.121

0.091

x5

-0.028

0.013

-0.026

-0.025

-0.002

0.000

0.000

x6

-0.047

0.000

0.009

0.147

-0.073

-0.018

-0.013

0.000

x7

0.005

0.031

0.013

-0.041

0.001

0.054

0.000

0.000

0.000

0.000
0.000

purpose is that of a predictive nature, its performance should
not come at the expense of its portability [7]. For example, the
inclusion of non-social variables pertaining to the occupant’s

This study investigates thermal discomfort during the cooling
season in two office buildings in the Netherlands. The outcome
is a structural equation model. The specified model examines
the influence of indoor temperature, illuminance, sound
pressure level, occupancy count, gregariousness and
assertiveness on thermal discomfort. The model estimates
indicate that thermal discomfort increases at higher indoor
temperatures or higher sound pressure levels. They also
suggest that uncomfortably high indoor temperatures decrease
the effect that sound pressure level and illuminance otherwise
have in a comfortable thermal environment. The results also
suggest that gregarious individuals may be more thermally
comfortable than non-gregarious individuals when there are
many occupants in the room. The SEM model is unique, as it
the first explanatory model, derived from a field experiment, to
include multiple physical and non-social variables, while
including context.
The advantage of using SEM lies in the fact that the findings
can be used to construct a predictive model on the basis of
interpretable relations. The current model suggests the
inclusion of thermoaudiovisual variables in future predictions.
The model shows that the inclusion of multiple domains does
not have to come with decreased portability, as it relies
predominantly on sensor data. Further research concerning the
mediational role of personality traits is needed. The facets
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selected for this research are picked from existing
measurements, resulting in unreliable constructs. Follow-up
studies may want to consider the inclusion of additional facets
and additional interaction variables, in order to gain better
insight into their relative significance.
A. Limitations

Due to restrictions in response to the COVID-19 outbreak, the
working conditions in the Netherlands do not allow for field
measurements. Given the time constraints, an existing data set
is used in the study, resulting in limitations. Firstly, prominent
variables such as correlated colour temperature and air velocity
are not included in the model. Secondly, extreme indoor
conditions are not observed during field measurements, as
shown in Section A. In addition, the measurements are limited
to the context of the Netherlands and are not representative of
the summer conditions in other climate regions. Thirdly,
non-social variables are chosen due to convenience and are not
sufficiently representative of any of the Big Five personality
traits. Finally, a limitation lies in the fact that SEM is the only
modelling technique used in this study. Follow-up research is
conducted in the interest of comparing interpretable and black
box approaches to thermal comfort modelling [53].
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A. R INPUT
The labels using for model specification do not correspond to the labels used in the article. Table 12 lists the labels contained in the
code below.
Table 12. Summary of building characteristics for buildings B1 and B2.

Variable

Article

R Code

Thermal Discomfort

η1

Dis

Indoor Temperature

x8

T_in

Sound pressure level

x9

SPL

Temperature · Sound · Illuminance

x10

SPLET_in

Gregariousness

ξ1

Samen

Assertiveness · Indoor Temperature

ξ2

SamenT_in

Gregariousness · Occupancy Count

ξ3

Samen_Occupancy

Model Specification (Model A0)

df_norm <- read.csv(file="df_lavaan_norm.csv", header=TRUE, sep=",")
library(lavaan)
library(semPlot)
'
Model A1
'
model <- '
#Latent Variables
Dis =~ Hot_1 + Hot_2 + Hot_3
Samen =~ Samen_3 + Samen_0
SamenT_in =~ Samen_00T_in + Samen_0000T_in
SamenOccupancy =~ Samen_1Occupancy + Samen_000Occupancy
# Regression
Dis ~ T_in + SPL + SPLET_in + Samen + SamenT_in + SamenOccupancy
# Residual covariances
Samen ~~ SamenT_in
Samen ~~ SamenOccupancy
'
fit <- sem(model,data=df_norm, ordered=c("Hot_1","Hot_2","Hot_3",
"Samen_0", "Samen_3"))
summary(fit, standardized = FALSE, fit.measures=TRUE)
semPaths(fit, "est")
parameterEstimates(fit)
lavResiduals(fit)

Model Specification (Model A1)

'
Model A0
'
model <- '
Dis =~ Hot_1 + Hot_2 + Hot_3
Samen =~ Samen_1 + Samen_3 + Samen_0
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# Regression
Dis ~ T_in + SPL + Samen
'
fit <- sem(model,data=df_norm, meanstructure =TRUE, ordered=c("Hot_1","Hot_2",
"Hot_3", "Samen_1",
"Samen_3", "Samen_0"))
summary(fit, standardized = FALSE, fit.measures=TRUE)
fitted(fit)
semPaths(fit, "est")
parameterEstimates(fit)
lavResiduals(fit)

B. R OUTPUT
Model Estimation (Model A0)

[1] "\nModel A0\n"
>
> model <- '
+ Dis =~ Hot_1 + Hot_2 + Hot_3
+ Samen =~ Samen_1 + Samen_3 + Samen_0
+
+
+ # Regression
+ Dis ~ T_in + SPL + Samen
+
+ '
>
> fit <- sem(model,data=df_norm, meanstructure =TRUE, ordered=c("Hot_1","Hot_2",
+
"Hot_3", "Samen_1",
+
"Samen_3", "Samen_0"))
> summary(fit, standardized = FALSE, fit.measures=TRUE)
lavaan 0.6-7 ended normally after 27 iterations
Estimator
Optimization method
Number of free parameters
Number of observations
Model Test User Model:
Test Statistic
Degrees of freedom
P-value (Chi-square)
Scaling correction factor
Shift parameter
simple second-order correction

DWLS
NLMINB
33
524
Standard
18.716
18
0.410

Robust
24.548
18
0.138
0.918
4.164

4541.886
15
0.000

3222.323
15
0.000
1.411

1.000

0.998

Model Test Baseline Model:
Test statistic
Degrees of freedom
P-value
Scaling correction factor
User Model versus Baseline Model:
Comparative Fit Index (CFI)
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Tucker-Lewis Index (TLI)

1.000

Robust Comparative Fit Index (CFI)
Robust Tucker-Lewis Index (TLI)

0.998
NA
NA

Root Mean Square Error of Approximation:
RMSEA
90 Percent confidence interval - lower
90 Percent confidence interval - upper
P-value RMSEA <= 0.05

0.009
0.000
0.040
0.991

Robust RMSEA
90 Percent confidence interval - lower
90 Percent confidence interval - upper

0.026
0.000
0.050
0.949
NA
0.000
NA

Standardized Root Mean Square Residual:
SRMR

0.018

Parameter Estimates:
Standard errors
Information
Information saturated (h1) model
Latent Variables:
Dis =~
Hot_1
Hot_2
Hot_3
Samen =~
Samen_1
Samen_3
Samen_0
Regressions:
Dis ~
T_in
SPL
Samen
Intercepts:
.Hot_1
.Hot_2
.Hot_3
.Samen_1
.Samen_3
.Samen_0
.Dis
Samen
Thresholds:
Hot_1|t1
Hot_1|t2
Hot_1|t3
Hot_1|t4
Hot_2|t1
Hot_2|t2

Robust.sem
Expected
Unstructured

Estimate

Std.Err

z-value

P(>|z|)

1.000
1.337
1.399

0.054
0.061

24.883
22.772

0.000
0.000

1.000
1.061
0.587

0.155
0.076

6.837
7.744

0.000
0.000

Estimate

Std.Err

z-value

P(>|z|)

0.573
0.309
0.018

0.202
0.151
0.055

2.840
2.051
0.319

0.005
0.040
0.750

Estimate
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Std.Err

z-value

P(>|z|)

Estimate
-0.615
-0.199
0.277
1.178
-0.439
-0.139

Std.Err
0.119
0.117
0.118
0.124
0.123
0.120

z-value
-5.183
-1.693
2.358
9.511
-3.579
-1.156

P(>|z|)
0.000
0.090
0.018
0.000
0.000
0.248

0.018
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Hot_2|t3
Hot_2|t4
Hot_3|t1
Hot_3|t2
Hot_3|t3
Hot_3|t4
Samen_1|t1
Samen_1|t2
Samen_1|t3
Samen_1|t4
Samen_3|t1
Samen_3|t2
Samen_3|t3
Samen_3|t4
Samen_0|t1
Samen_0|t2
Samen_0|t3
Samen_0|t4
Variances:
.Hot_1
.Hot_2
.Hot_3
.Samen_1
.Samen_3
.Samen_0
.Dis
Samen
Scales y*:
Hot_1
Hot_2
Hot_3
Samen_1
Samen_3
Samen_0

0.545
1.277
-0.439
-0.122
0.449
1.167
-0.641
0.081
0.822
1.568
-1.132
-0.406
0.564
1.272
-2.948
-2.049
-1.013
0.579

0.122
0.130
0.120
0.119
0.120
0.128
0.115
0.112
0.116
0.128
0.131
0.114
0.113
0.120
0.330
0.168
0.126
0.121

4.475
9.795
-3.655
-1.020
3.743
9.141
-5.587
0.721
7.110
12.277
-8.629
-3.574
4.978
10.634
-8.926
-12.199
-8.058
4.797

0.000
0.000
0.000
0.308
0.000
0.000
0.000
0.471
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Estimate
0.559
0.211
0.136
0.517
0.456
0.833
0.441
0.483

Std.Err

z-value

P(>|z|)

0.036
0.081

12.405
5.943

0.000
0.000

Estimate
1.000
1.000
1.000
1.000
1.000
1.000

Std.Err

z-value

P(>|z|)

> lavResiduals(fit)
$type
[1] "cor.bentler"
$res.cov
Hot_1 Hot_2 Hot_3 Samn_1 Samn_3 Samn_0
Hot_1
0.000
Hot_2
-0.002 0.000
Hot_3
0.000 0.000 0.000
Samen_1 0.036 0.028 0.023 0.000
Samen_3 0.020 -0.040 -0.029 0.000 0.000
Samen_0 -0.037 -0.012 -0.003 -0.002 0.002 0.000
$res.int
Hot_1
0

Hot_2
0

Hot_3 Samen_1 Samen_3 Samen_0
0
0
0
0

$res.th
Hot_1|t1
Hot_1|t2
Hot_1|t3
Hot_1|t4
Hot_2|t1
Hot_2|t2
Hot_2|t3
Hot_2|t4
0
0
0
0
0
0
0
0
Hot_3|t1
Hot_3|t2
Hot_3|t3
Hot_3|t4 Samen_1|t1 Samen_1|t2 Samen_1|t3 Samen_1|t4
0
0
0
0
0
0
0
0
Samen_3|t1 Samen_3|t2 Samen_3|t3 Samen_3|t4 Samen_0|t1 Samen_0|t2 Samen_0|t3 Samen_0|t4
0
0
0
0
0
0
0
0
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$res.slopes
T_in
SPL
Hot_1
0.012 0.129
Hot_2
0.082 -0.071
Hot_3
-0.083 -0.026
Samen_1 -0.362 0.442
Samen_3 0.548 0.426
Samen_0 0.257 -0.228
$cov.x
T_in SPL
T_in 0
SPL 0
0
$mean.x
T_in SPL
0
0

Model Estimation (Model A1)

[1] "\nModel A1\n"
>
> model <- '
+ #Latent Variables
+ Dis =~ Hot_1 + Hot_2 + Hot_3
+ Samen =~ Samen_3 + Samen_0
+ SamenT_in =~ Samen_00T_in + Samen_0000T_in
+ SamenOccupancy =~ Samen_1Occupancy + Samen_000Occupancy
+
+
+ # Regression
+ Dis ~ T_in + SPL + SPLET_in + Samen + SamenT_in + SamenOccupancy
+
+ # Residual covariances
+ Samen ~~ SamenT_in
+ Samen ~~ SamenOccupancy
+ '
>
> fit <- sem(model,data=df_norm, ordered=c("Hot_1","Hot_2","Hot_3",
+
"Samen_0", "Samen_3"))
> summary(fit, standardized = FALSE, fit.measures=TRUE)
lavaan 0.6-7 ended normally after 83 iterations
Estimator
Optimization method
Number of free parameters
Number of observations
Model Test User Model:
Test Statistic
Degrees of freedom
P-value (Chi-square)
Scaling correction factor
Shift parameter
simple second-order correction

DWLS
NLMINB
46
524
Standard
165.568
45
0.000

Robust
180.396
45
0.000
0.993
13.664

4793.539

3080.464

Model Test Baseline Model:
Test statistic
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Degrees of freedom
P-value
Scaling correction factor

36
0.000

36
0.000
1.563

0.975
0.980

0.956
0.964

User Model versus Baseline Model:
Comparative Fit Index (CFI)
Tucker-Lewis Index (TLI)
Robust Comparative Fit Index (CFI)
Robust Tucker-Lewis Index (TLI)

NA
NA

Root Mean Square Error of Approximation:
RMSEA
90 Percent confidence interval - lower
90 Percent confidence interval - upper
P-value RMSEA <= 0.05

0.072
0.060
0.083
0.001

Robust RMSEA
90 Percent confidence interval - lower
90 Percent confidence interval - upper

0.076
0.064
0.088
0.000
NA
NA
NA

Standardized Root Mean Square Residual:
SRMR

0.038

Parameter Estimates:
Standard errors
Information
Information saturated (h1) model
Latent Variables:
Dis =~
Hot_1
Hot_2
Hot_3
Samen =~
Samen_3
Samen_0
SamenT_in =~
Samen_00T_in
Samen_0000T_in
SamenOccupancy =~
Samen_1Occpncy
Smn_000Occpncy
Regressions:
Dis ~
T_in
SPL
SPLET_in
Samen
SamenT_in
SamenOccupancy
Covariances:
Samen ~~
SamenT_in

Robust.sem
Expected
Unstructured

Estimate

Std.Err

z-value

P(>|z|)

1.000
1.339
1.410

0.054
0.062

24.670
22.771

0.000
0.000

1.000
1.435

0.238

6.034

0.000

1.000
0.528

0.125

4.213

0.000

1.000
0.814

0.073

11.158

0.000

Estimate

Std.Err

z-value

P(>|z|)

0.643
0.357
-0.383
-0.128
0.104
0.394

0.203
0.151
0.196
0.174
0.382
0.198

3.177
2.368
-1.951
-0.736
0.272
1.988

0.001
0.018
0.051
0.462
0.785
0.047

Estimate

Std.Err

z-value

P(>|z|)

0.045

0.008

5.910

0.000

0.038
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SamenOccupancy
SamenT_in ~~
SamenOccupancy
Intercepts:
.Hot_1
.Hot_2
.Hot_3
.Samen_3
.Samen_0
.Samen_00T_in
.Samen_0000T_in
.Samen_1Occpncy
.Smn_000Occpncy
.Dis
Samen
SamenT_in
SamenOccupancy
Thresholds:
Hot_1|t1
Hot_1|t2
Hot_1|t3
Hot_1|t4
Hot_2|t1
Hot_2|t2
Hot_2|t3
Hot_2|t4
Hot_3|t1
Hot_3|t2
Hot_3|t3
Hot_3|t4
Samen_3|t1
Samen_3|t2
Samen_3|t3
Samen_3|t4
Samen_0|t1
Samen_0|t2
Samen_0|t3
Samen_0|t4
Variances:
.Hot_1
.Hot_2
.Hot_3
.Samen_3
.Samen_0
.Samen_00T_in
.Samen_0000T_in
.Samen_1Occpncy
.Smn_000Occpncy
.Dis
Samen
SamenT_in
SamenOccupancy
Scales y*:
Hot_1
Hot_2
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0.046

0.009

5.205

0.000

0.009

0.002

4.766

0.000

Estimate
0.000
0.000
0.000
0.000
0.000
0.569
0.507
0.086
0.089
0.000
0.000
0.000
0.000

Std.Err

z-value

P(>|z|)

0.026
0.027
0.032
0.027

21.674
19.048
2.700
3.275

0.000
0.000
0.007
0.001

Estimate
-0.686
-0.268
0.209
1.111
-0.519
-0.217
0.469
1.200
-0.549
-0.229
0.345
1.064
-1.169
-0.442
0.529
1.237
-2.891
-1.988
-0.947
0.648

Std.Err
0.129
0.128
0.128
0.134
0.135
0.133
0.134
0.142
0.140
0.139
0.138
0.145
0.144
0.126
0.125
0.131
0.334
0.174
0.137
0.134

z-value
-5.297
-2.088
1.631
8.265
-3.838
-1.635
3.508
8.435
-3.929
-1.651
2.488
7.359
-8.136
-3.501
4.232
9.410
-8.655
-11.428
-6.922
4.834

P(>|z|)
0.000
0.037
0.103
0.000
0.000
0.102
0.000
0.000
0.000
0.099
0.013
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Estimate
0.563
0.216
0.131
0.787
0.561
0.018
0.042
0.006
0.007
0.432
0.213
0.028
0.042

Std.Err

z-value

P(>|z|)

0.006
0.003
0.003
0.002
0.036
0.046
0.007
0.005

2.827
12.790
1.924
3.125
12.151
4.657
4.044
8.804

0.005
0.000
0.054
0.002
0.000
0.000
0.000
0.000

Estimate
1.000
1.000

Std.Err

z-value

P(>|z|)
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1.000
1.000
1.000

> parameterEstimates(fit)
lhs op
rhs
est
se
z pvalue ci.lower ci.upper
1
Dis =~
Hot_1 1.000 0.000
NA
NA
1.000
1.000
2
Dis =~
Hot_2 1.339 0.054 24.670 0.000
1.233
1.445
3
Dis =~
Hot_3 1.410 0.062 22.771 0.000
1.288
1.531
4
Samen =~
Samen_3 1.000 0.000
NA
NA
1.000
1.000
5
Samen =~
Samen_0 1.435 0.238
6.034 0.000
0.969
1.901
6
SamenT_in =~
Samen_00T_in 1.000 0.000
NA
NA
1.000
1.000
7
SamenT_in =~
Samen_0000T_in 0.528 0.125
4.213 0.000
0.282
0.774
8
SamenOccupancy =~
Samen_1Occupancy 1.000 0.000
NA
NA
1.000
1.000
9
SamenOccupancy =~ Samen_000Occupancy 0.814 0.073 11.158 0.000
0.671
0.957
10
Dis
~
T_in 0.643 0.203
3.177 0.001
0.246
1.040
11
Dis
~
SPL 0.357 0.151
2.368 0.018
0.062
0.652
12
Dis
~
SPLET_in -0.383 0.196 -1.951 0.051
-0.768
0.002
13
Dis
~
Samen -0.128 0.174 -0.736 0.462
-0.468
0.213
14
Dis
~
SamenT_in 0.104 0.382
0.272 0.785
-0.644
0.852
15
Dis
~
SamenOccupancy 0.394 0.198
1.988 0.047
0.006
0.783
16
Samen ~~
SamenT_in 0.045 0.008
5.910 0.000
0.030
0.060
17
Samen ~~
SamenOccupancy 0.046 0.009
5.205 0.000
0.028
0.063
18
Hot_1
|
t1 -0.686 0.129 -5.297 0.000
-0.939
-0.432
19
Hot_1
|
t2 -0.268 0.128 -2.088 0.037
-0.520
-0.016
20
Hot_1
|
t3 0.209 0.128
1.631 0.103
-0.042
0.461
21
Hot_1
|
t4 1.111 0.134
8.265 0.000
0.848
1.375
22
Hot_2
|
t1 -0.519 0.135 -3.838 0.000
-0.785
-0.254
23
Hot_2
|
t2 -0.217 0.133 -1.635 0.102
-0.477
0.043
24
Hot_2
|
t3 0.469 0.134
3.508 0.000
0.207
0.730
25
Hot_2
|
t4 1.200 0.142
8.435 0.000
0.922
1.479
26
Hot_3
|
t1 -0.549 0.140 -3.929 0.000
-0.823
-0.275
27
Hot_3
|
t2 -0.229 0.139 -1.651 0.099
-0.502
0.043
28
Hot_3
|
t3 0.345 0.138
2.488 0.013
0.073
0.616
29
Hot_3
|
t4 1.064 0.145
7.359 0.000
0.781
1.348
30
Samen_3
|
t1 -1.169 0.144 -8.136 0.000
-1.450
-0.887
31
Samen_3
|
t2 -0.442 0.126 -3.501 0.000
-0.689
-0.194
32
Samen_3
|
t3 0.529 0.125
4.232 0.000
0.284
0.774
33
Samen_3
|
t4 1.237 0.131
9.410 0.000
0.979
1.494
34
Samen_0
|
t1 -2.891 0.334 -8.655 0.000
-3.545
-2.236
35
Samen_0
|
t2 -1.988 0.174 -11.428 0.000
-2.329
-1.647
36
Samen_0
|
t3 -0.947 0.137 -6.922 0.000
-1.215
-0.679
37
Samen_0
|
t4 0.648 0.134
4.834 0.000
0.385
0.910
38
Hot_1 ~~
Hot_1 0.563 0.000
NA
NA
0.563
0.563
39
Hot_2 ~~
Hot_2 0.216 0.000
NA
NA
0.216
0.216
40
Hot_3 ~~
Hot_3 0.131 0.000
NA
NA
0.131
0.131
41
Samen_3 ~~
Samen_3 0.787 0.000
NA
NA
0.787
0.787
42
Samen_0 ~~
Samen_0 0.561 0.000
NA
NA
0.561
0.561
43
Samen_00T_in ~~
Samen_00T_in 0.018 0.006
2.827 0.005
0.006
0.031
44
Samen_0000T_in ~~
Samen_0000T_in 0.042 0.003 12.790 0.000
0.035
0.048
45
Samen_1Occupancy ~~
Samen_1Occupancy 0.006 0.003
1.924 0.054
0.000
0.013
46 Samen_000Occupancy ~~ Samen_000Occupancy 0.007 0.002
3.125 0.002
0.003
0.011
47
Dis ~~
Dis 0.432 0.036 12.151 0.000
0.362
0.501
48
Samen ~~
Samen 0.213 0.046
4.657 0.000
0.123
0.303
49
SamenT_in ~~
SamenT_in 0.028 0.007
4.044 0.000
0.014
0.041
50
SamenOccupancy ~~
SamenOccupancy 0.042 0.005
8.804 0.000
0.033
0.052
51
SamenT_in ~~
SamenOccupancy 0.009 0.002
4.766 0.000
0.006
0.013
52
T_in ~~
T_in 0.022 0.000
NA
NA
0.022
0.022
53
T_in ~~
SPL 0.002 0.000
NA
NA
0.002
0.002
54
T_in ~~
SPLET_in 0.004 0.000
NA
NA
0.004
0.004
55
SPL ~~
SPL 0.044 0.000
NA
NA
0.044
0.044
56
SPL ~~
SPLET_in 0.006 0.000
NA
NA
0.006
0.006
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57
SPLET_in
58
Hot_1
59
Hot_2
60
Hot_3
61
Samen_3
62
Samen_0
63
Hot_1
64
Hot_2
65
Hot_3
66
Samen_3
67
Samen_0
68
Samen_00T_in
69
Samen_0000T_in
70
Samen_1Occupancy
71 Samen_000Occupancy
72
T_in
73
SPL
74
SPLET_in
75
Dis
76
Samen
77
SamenT_in
78
SamenOccupancy

~~
~*~
~*~
~*~
~*~
~*~
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1
~1

SPLET_in
Hot_1
Hot_2
Hot_3
Samen_3
Samen_0

0.026
1.000
1.000
1.000
1.000
1.000
0.000
0.000
0.000
0.000
0.000
0.569
0.507
0.086
0.089
0.173
0.410
0.260
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.026
0.027
0.032
0.027
0.000
0.000
0.000
0.000
0.000
0.000
0.000

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
21.674
19.048
2.700
3.275
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
0.000
0.000
0.007
0.001
NA
NA
NA
NA
NA
NA
NA

0.026
1.000
1.000
1.000
1.000
1.000
0.000
0.000
0.000
0.000
0.000
0.518
0.454
0.024
0.036
0.173
0.410
0.260
0.000
0.000
0.000
0.000

0.026
1.000
1.000
1.000
1.000
1.000
0.000
0.000
0.000
0.000
0.000
0.621
0.559
0.148
0.143
0.173
0.410
0.260
0.000
0.000
0.000
0.000

> lavResiduals(fit)
$type
[1] "cor.bentler"
$res.cov
Hot_1
Hot_2
Hot_3
Samen_3
Samen_0
Samen_00T_in
Samen_0000T_in
Samen_1Occupancy
Samen_000Occupancy
$res.int

Hot_1
0
Samen_00T_in
0

Hot_1 Hot_2 Hot_3 Samn_3 Samn_0 S_00T_ S_0000 Smn_1O S_000O
0.000
0.001 0.000
0.000 0.000 0.000
0.032 -0.024 -0.013 0.000
-0.022 0.008 0.020 0.000 0.000
-0.009 0.009 0.017 -0.121 0.091 0.000
-0.028 0.013 -0.026 -0.025 -0.002 0.000 0.000
-0.047 0.000 0.009 0.147 -0.073 -0.018 -0.013 0.000
-0.001 0.005 0.031 0.013 -0.041 0.001 0.054 0.000 0.000
Hot_2
0
Samen_0000T_in
0

Hot_3
Samen_3
0
0
Samen_1Occupancy Samen_000Occupancy
0
0

$res.th
Hot_1|t1
Hot_1|t2
Hot_1|t3
Hot_1|t4
Hot_2|t1
Hot_2|t2
Hot_2|t3
Hot_2|t4
0
0
0
0
0
0
0
0
Hot_3|t1
Hot_3|t2
Hot_3|t3
Hot_3|t4 Samen_3|t1 Samen_3|t2 Samen_3|t3 Samen_3|t4
0
0
0
0
0
0
0
0
Samen_0|t1 Samen_0|t2 Samen_0|t3 Samen_0|t4
0
0
0
0
$res.slopes
Hot_1
Hot_2
Hot_3
Samen_3
Samen_0
Samen_00T_in
Samen_0000T_in

T_in
SPL SPLET_
0.013 0.130 -0.005
0.069 -0.081 0.069
-0.070 -0.015 -0.078
0.584 0.449 -0.197
0.187 -0.272 0.375
0.182 0.007 -0.016
0.171 0.062 0.007

Samen_0
0
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Samen_1Occupancy
Samen_000Occupancy

0.018
0.018

$cov.x

T_in SPL SPLET_
T_in
0
SPL
0
0
SPLET_in 0
0
0
$mean.x
T_in
0

SPL SPLET_in
0
0

0.312 -0.008
0.306 0.002
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The majority of existing field and laboratory studies fit explanatory models in order to understand
thermal comfort in offices but few studies test the models’ predictive potential. This research evaluates
the performance of a structural equation model, taken from a previous study, using machine learning
methods. The study uses an existing data set consisting of 385 observations, collected in two Dutch
office buildings. The outcome of the study takes the form of a logistic regression model, a random forest
classifier, a linear support-vector machine and a non-linear support-vector machine. The binary models
are trained to classify thermal comfort and thermal discomfort during summer months. Their respective
F1w scores are 0.56, 0.59, 0.55 and 0.58. The results show that all four models have poor predictive
capability. Thermal comfort researchers are encouraged to combine exploratory modelling and predictive
modelling in a single framework, in order to test whether variables that are relevant to the domain are
useful for prediction and vice versa.

1. INTRODUCTION
The field of research concerning thermal comfort seeks to
understand, explain and calculate the influence of external and
internal stimuli on thermal comfort perception. Thermal
comfort models may be divided into explanatory models and
predictive models.
The former seek to understand the
contribution of one or more variables on thermal comfort,
whereas the latter aim to test the extent to which the variables
can be used to predict it.

occupancy information [24, 31, 37] constitute a significant
influence on user thermal comfort perception. Non-social
variables such as the physiological [4, 8, 15] and psychological
[15, 25, 36, 38] functions of the user have also been shown to
influence thermal comfort.
Studies which include a
combination of physical, social, contextual and/or non-social
factors are referred to as multi-domain studies [39]. The most
common techniques used for explanatory modelling are
mixed-effects modelling and statistical analysis in the form of
parametric and non-parametric tests.

A. Explanatory Models

Explanatory models strengthen the theoretical foundation of the
research field, as they attempt to explain the construct by testing
new or pre-existing theories. Most commonly, explanatory
studies seek to describe thermal comfort via thermal conditions
or other physical factors, such as indoor acoustics [1–7], indoor
lighting [6–25] and indoor air quality [24, 26, 27]. Explanatory
studies also examine the influence of social factors, such as
demographics [16, 24, 28, 29], activity type [15, 30], work
characteristics [24, 28], clothing level [16] and length of
exposure to indoor conditions [8]. In the context of office
buildings, existing explanatory models indicate that contextual
factors such as time [18, 21, 29], geography [31, 32], office
design [31–35], building energy performance [36] and

B. Predictive Models

The core function of a predictive model is to accurately calculate
thermal comfort. In contrast to explanatory models, predictive
models are trained and tested using independent data sets, in
order to ensure that their predictive potential isn’t limited to the
training set. Thermal comfort prediction is essential during
every stage of the building cycle. Current thermal comfort
standards are based on the most prominent predictive models.
Fanger’s PMV/PPD model [9] is included in the ASHRAE
Standard 55-2017 [40] for the calculation of thermal perception
in mechanically and naturally ventilated buildings. The ISO
Standard 7730-2005-11-15 [41] utilizes the PMV/PPD model to
predict thermal perception in mechanically ventilated buildings,
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as well as the adaptive model [42] to predict the comfort
temperature in naturally ventilated buildings.
Fanger’s
PMV/PPD model includes six predictors, namely; indoor
temperature; mean radiant temperature; indoor relative air
velocity; indoor relative humidity; metabolic rate; and clothing
insulation. The adaptive model uses outdoor air temperature,
mean radiant temperature and air velocity. Current thermal
comfort standards share the following characteristics:
1. Mostly limited to the thermal domain
2. Not up-to-date with existing literature
3. Do not yield adequate predictions [43]
Current research seeks to develop multi-domain models that
yield better predictions. Techniques used for predictive
modelling fall under the umbrella term machine learning, which
is a subset of artificial intelligence.
C. Machine Learning

Machine learning is an approach that uses experience or data to
improve the performance of computer systems, which
encompasses classical machine learning and representation
learning [Ch.1, 44]. The objective of both methods is to turn
data into information. In both cases, data is the input and
information is the output. Classical machine learning uses
hand-crafted variables and maps them onto one or more output
variables. Meanwhile, representation learning is a more recent
type of machine learning which, in contrast to classical machine
learning, uses raw data as input. A subset of representation
learning that has recently gained popularity is called deep
learning. As representation learning lies outside the scope of
this research, it is not discussed in further detail.
A general distinction is to be made between supervised and
unsupervised learning [Ch.1, 45]. Both classical machine
learning and representation learning allow for supervised and
unsupervised learning. Supervised learning algorithms attempt
to map input variables onto a known output. In the context of
thermal comfort, a known output may be the thermal sensation
vote, which takes values from -3 to 3. Common supervised
learning tasks include classification and regression, where the
former is used to map categorical output data and the latter is
used for continuous output data.
On the other hand,
unsupervised learning algorithms attempt to map an output
that has no label. A common unsupervised learning task is
known as clustering.
Figure 1 provides a non-exhaustive overview of existing
machine learning techniques and their hierarchical structure. In
the interest of clarity, algorithms implemented in this research
are emphasized. The focus of this research is machine learning
in the form of classification. Classification algorithms are
divided into linear and non-linear classifiers, such that the
former assume a strictly linear relationship between the input
and output variables [Ch.4, 45].
D. State of the Art

Current research on predictive modelling employs techniques
from classical machine learning, in the form of supervised
[11, 46–53], and unsupervised [49] learning, as well as
techniques from representation learning, such as supervised
deep learning [52].
The most commonly used machine learning technique is
regression. Gauthier et al.,2020, model thermal sensation as a
linear function of operative temperature [49]. Manu et al., 2016,
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MACHINE LEARNING
CLASSICAL MACHINE LEARNING

REPRESENTATION LEARNING

SUPERVISED

SUPERVISED

Classification
Logistic regression
Random forest ensemble
Support-vector machine
Linear discriminant analysis
Decision trees
Gaussian process regression
Fit regression ensemble

Deep learning
Neural networks
UNSUPERVISED
Deep learning
Neural networks

Regression
Linear regression
Polyniomial regression
Mixed-effect regression
Random effect regression
UNSUPERVISED
Clustering
k-means clustering

Fig. 1. Hierarchical overview of machine learning methods.

consider three adaptive models in the context of naturally
ventilated, mixed-mode and air-conditioned buildings, with
outdoor temperature as the predictor [53]. The latter model is
rejected by the authors due to lack of predictive potential.
Polynomial regression models are also found in existing
literature. Guo et al., 2017, model thermal comfort as a
polynomial function of indoor temperature [46]. Tang et al.
2020, use polynomial regression to model thermal satisfaction
as a function of Fanger’s PMV [47].
There are several classification models in existing literature.
Merabet et al., 2020, use logistic regression to model thermal
sensation in relation to air temperature, gender and BMI [51].
Haldi & Robinson, 2010, fit binary logistic regression models
that predict the probability of feeling too hot and the probability
of feeling too cold, in relation to indoor temperature [11]. Wu
et al., 2020, use linear discriminant analysis and support-vector
machines to predict thermal comfort using EEG signals [48].
The use of unsupervised learning in thermal comfort
prediction is less common. Gauthier et al., 2020, use the
k-means algorithm to cluster participants according to their
thermal sensation, thermal comfort and thermal preference
votes [49]. Instances of deep learning in predictive thermal
comfort modelling are also few. Salehi et al., 2020, model
thermal sensation using skin temperature and compare the
performance of artificial neural networks to decision trees,
Gaussian process regression, fit regression ensemble and group
method of data handling algorithms [52].
E. Research Objective

The vast majority of existing studies concern explanatory
models, while predictive models are scarce. The latter form
approximately 15% of existing research regarding thermal
comfort in offices [54]. Given the limited amount of predictive
models, it is difficult to draw cross-model comparisons or
formulate any substantial conclusions concerning the suitability
of any given machine learning technique.
Looking at the state of the art, attention towards bridging
explanatory and predictive research is lacking. Firstly, studies
that focus on explanatory modelling rarely test the predictive
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potential of their models. As a result, most research outcomes
allow for better understanding of thermal comfort but they do
not guarantee better prediction. Secondly, studies that focus on
predictive modelling often omit variables from the modelling
phase, despite having measured them prior. Numerous authors
conduct explanatory analyses that aren’t subsequently reflected
in their predictive models, as variables that are found to be
significant during the explanatory phase are excluded and the
reason therefore is not explicitly stated. In fact, a large fraction
of predictive models is limited to thermal variables while
originating from a larger scope. Lastly, it is common practice to
fit the predictive model using the entire data set. It is also bad
practice, for in the absence of a performance test on an
independent split of data, the study offers no insight into the
scalability of the predictive model.
The objective of this research is to assess the predictive
potential of an existing explanatory model. The aim is to build a
set of machine learning models that predict thermal discomfort
in offices during summer. The origin of the explanatory model
is referred to as Study A and the outcome thereof; model A1.
This research is labelled Study B and the outcomes thereof;
models B1-B4. The research sub-tasks are divided as follows:
1. Evaluate the predictive and scalability potential of B1-B4.
2. Compare the performance of the predictive models B1-B4.
The research outcome is used to generate a discussion
concerning the role of explanatory models and predictive
models in thermal comfort research and aims to address the
implications of treating them as two essential steps of a thermal
comfort study.

2. METHOD
The research methodology consists of 5 steps. Step 0 is
performed on the basis of study A. During this step, variables
from study A are selected for use in study B and a data set is
compiled. Variable selection is performed in relation to the
explanatory model A1. Steps 1-4 are performed on the selected
data. Firstly, the data is prepared for use. Data preparation
includes pre-processing and transformation. Once the data is
ready, four different classification algorithms are selected and
predictive models B1-B4 are trained. The performance of each
model is validated on an independent split of data and, once
final, models B1-B4 are tested on the remaining data split and
their performance is reported. During the evaluation step, the
predictive performance and scalability of models B1-B4 are
discussed (sub-task 1) and compared (sub-task 2).
STUDY A

Step 0
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collected in June and July 2016 [55]. Brink, 2016, provides an
overview of the measurement protocol [56]. Study A proposes a
structural equation modelling, SEM, approach to thermal
comfort analysis. The study outcome is a multi-domain,
explanatory model. The SEM model is used to test six
hypotheses regarding thermal discomfort, of which the
following are supported:

H1. An increase in indoor temperature, e T , results in an
exponential increase in thermal discomfort, Y.
H2. An increase in sound pressure level, SPL, results in an
increase in thermal discomfort, Y.
H3. An increase in indoor temperature decreases the effect that
the interaction between sound pressure level and
illuminance has on thermal discomfort, resulting in a
negative three-way interaction, SPLET 1 .
H4. An increase in occupancy count increases the effect of
occupant gregariousness on thermal discomfort, resulting
in a positive two-way interaction, Ξ2 .

1 SPLET

implies that temperature may exert a one-veto vote, such that unsatisfactory
temperature conditions will result in thermal discomfort, regardless of the acoustical and
visual conditions. 2 Occupant gregariousness is a facet of extraversion which reflects a person’s
disposition to be sociable. Ξ implies an individual with low gregariousness is more likely to
experience thermal discomfort at high occupancy counts.

The explanatory model A1 is represented in Figure 3. The
full outcome is available in the third work package [55]. The
schematic diagram uses simplified notation: Observable
variables e T , SPL, SPLET and survey items ξ 1 , ξ 2 , y1 , y2 and y3
are framed, while latent variables Ξ and Y are circled.

+

+

+

-

DATA
SELECTION

STUDY B

Step 1

Step 2

Step 3

Step 4

DATA
PREPARATION

MODEL
FIT

VALIDATE/
TEST

MODEL
EVALUATION

Fig. 3. Schematic depiction of the explanatory SEM model A1.

Sub-task 1
Sub-task 2

Fig. 2. Flowchart diagram of research methodology.

Study A

Study A explores thermal discomfort in offices during summer
using cross-sectional data from two Dutch office buildings,

Step 0: Data Selection

Data selection for study B is based on model A1 and the same
cross-sectional data is used to build the data set. The data set
comprises 524 observations. The social characteristics of the
occupant population are shown in Table 1.
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divided equally to form one validation set and one test set. 231
observations are used to fit models B1-B4, 77 observations are
used for validation and the remaining 77 observations are used
for testing.

Table 1. Summary of social characteristics for buildings B1 and B2.

B1 (N = 324)

B2 (N = 200)

µ±σ

µ±σ

154

88

Age

43±10

47±8

Iclo

0.5±0.1

0.4±0.1

Female

N

170

112

Age

43±10

45±8

Iclo

0.5±0.1

0.5±0.2

All components shown in Figure 3 are included in the data
set. Social demographic variables such as gender, age and
body-mass index are excluded from study A due to limitations
concerning model identification [p.125, 57]. However, thermal
comfort perception is shown to vary for male and female
occupants [58]. Given the balance between Nmale and N f emale ,
the gender variable is included in study B.
Study B
Step 1. Data Preparation

The final data set is composed of observable variables that are
either observed or measured using sensing equipment, as well
as latent variables that are measured using a right-here-rightnow survey. The observable variables are shown in Table 2. No
changes are made to the observable variables with respect to
study A. An account of the data preparation process is provided
in the respective work package [WP3, 55]. The latent variables
are shown in Table 3. The independent variable Ξ is taken to be
the weighted sum of items ξ 1 and ξ 2 and the dependent variable
Y is calculated using y1 -y3 .
Table 2. Observable variables measured via the right-here right-now survey.

Parameter

Variable1

SEM Symbol2

Indoor temperature exponent

X0

eT

Indoor temperature

X1

-

Sound pressure level

X2

SPL

Sound * Illuminance * Temperature

X3

SPLET

Gender

X5

-

1

Symbology used in code. 2 Symbology used in document.

The factor weights are taken from model A1 [55]. Ξ is
calculated using Eq. (1).
Ξ =1.00ξ 1 + 0.81ξ 2

(1)

Thermal discomfort, Y, is calculated using Eq. (2). Y is further
transformed from a 5-point variable into a binary variable in
order to accommodate the classification algorithms. Y > 3 is
labelled as thermal discomfort or 1, Y < 3 is labelled as thermal
comfort or 0, and the neutral class Y = 3 is omitted from the data
set as it is likely to drop the predictive performance of models
B1-B4. Figure 4 provides a summary of the transformation.
Y =0.27y1 + 0.36y2 + 0.38y3

(2)

385 observations are included in the final data set. 60% are
attributed to the training set, while the remaining 40% are

Discomfort - Initial Scale

250

Number of observations [ ]

Male

N

Number of observations [ ]

Gender

45

200
150
100
50
0

1.0

2.0

3.0

Y[ ]

4.0

5.0

250

Discomfort - Final Scale

200
150
100
50
0

0

Y[ ]

1

Fig. 4. Histogram of thermal discomfort, Y, before and after transformation.

Step 2. Model Fit

Two linear and two non-linear classification algorithms are
selected and trained using the scikit-learn Python library [59].
Linear classifiers assume that the relationship between the
independent and dependent variables is linear. According to
H1, the relationship between indoor temperature and thermal
discomfort is exponential. As a result, X0 is used for linear
algorithms, while X1 is used for non-linear algorithms, as the
latter are expected to capture non-linear relationships. Table 4
provides an overview of the model features.

Table 4. Summary of model characteristics.

Model

Classification Algorithm

Model Features

B1

Logistic regression

X0, X2, X3, X4, X5

B2

Random forest ensemble

X1, X2, X3, X4, X5

B3

Linear support-vector machine

X0, X2, X3, X4, X5

B4

Non-linear support-vector machine

X1, X2, X3, X4, X5

In the interest of fairness, an equal effort is put forth to find
optimal hyper-parameters for each model, while subject to
similar constraints. A search space is proposed for each model,
with the objective to maximize the F1 -score, while also tuning
the models’ respective regularization coefficients. The F1 -score
is a metric derived from the F-measure which calculates the
harmonic mean of model precision and recall [60]. For the sake
of brevity, classification metrics are not discussed in detail. Most
importantly, a unique characteristic of the F1 -score is such that
precision and recall are given equal importance. The F1 -score is
chosen over accuracy, ACC, in order to discourage the model
from favouring one class over the other. Regularization
coefficients are responsible for penalizing overfitting. In other
words, successful regularization is expected to yield a scalable
model.
The search is performed on the training set, with 5-fold crossvalidation yielding the average F1 -score to be maximized. It is
performed using the popular Tree of Parzen Estimators (TPE)
algorithm which suggests future hyper-parameter choices based
on the previous results [61]. In total, 3, 000 hyper-parameter
choices are evaluated for each model and the highest score is
selected.
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Table 3. Latent variables measured via the right-here right-now survey.

Construct/Facet

Variable1

SEM Symbol2

Summer Thermal discomfort

Y

Y

Item3

General discomfort

y1

It is too hot in here now.

Lower body discomfort

y2

I have warm feet.

Upper body discomfort

y3

I have warm hands.

Gregariousness * Count

1

Symbology used in code.

2

Ξ

X4

Symbology used in document.

ξ1 4

I prefer to work in a completely open space with several people.

ξ2 4

I involve my colleagues in carrying out my work.

3

Scale: {1 = totally disagree, 2, 3, 4, 5 = totally agree}. 4 ξ i are the item responses multiplied by the occupancy

count recorded at the time of the measurement.

Model B1

Step 3. Model Validation/Testing

B1 is a logistic regression model, selected for its interpretability
when compared to other machine learning classifiers. Eq. (3)
shows the loss function used for the hyper-parameter search.

During the testing phase, models B1-B4 are retrained on 308
observations, comprised of the training and validation sets
combined, and are then tested on the remaining 77 observations.
Common classification metrics such as the F1 -score, accuracy,
ACC, and the area under the ROC curve, AUC, are used to
validate and test the models. The aforementioned metrics are
based on elements of the confusion matrix; true positive
predictions TP, true negative predictions TN, false positive
predictions FP and false negative predictions FN. The higher
the number of true predictions, the higher the classification
scores. Eq. (7) and Eq. (8) are used to calculate F1 and ACC,
respectively [62]. While the former two metrics assume a
threshold of 0.5, AUC evaluates model performance across
different classification thresholds.

L1 (y, ŷ, C ) = −F1 (y, ŷ) + C

(3)

where y is the ground truth thermal discomfort, ŷ is the
predicted thermal discomfort and C is the regularization
coefficient. The search space is constrained by C in the range
[10−3 , 1) and a class weight in the range ω0 ∈ [10−4 , 1]. The
class weight ω0 refers to the penalization strength of class 0
with respect to class 1, where ω1 = 1 is fixed.
Model B2

B2 is a random forest ensemble classifier; a popular tree-based
algorithm that captures non-linear behaviour. Eq. (4) shows the
loss function used for the hyper-parameter search.

L1 (y, ŷ, C ) = −F1 (y, ŷ) + C/10

TP
TP + FP
TP
Recall =
TP + FN

Precision =

(4)

with a search space constraining the maximum depth to d ∈
[2, 16], and the class weight to ω0 ∈ [10−4 , 1]. In the interest of
saving time, the number of trees is set to 100 during training and
is changed to 1, 000 during validation and testing.

F1 =

Model B3

B3 is a linear support-vector machine model. Support-vector
machines are capable of producing both linear and non-linear
decision boundaries and are chosen with both approaches in
mind.
Eq. (5) shows the loss function used for the
hyper-parameter search.

L1 (y, ŷ, C ) = −F1 (y, ŷ) + C/10
with a search space constraining C ∈
weight to ω0 ∈ [10−4 , 1].

[10−3 , 1),

(5)
and the class

Model B4

B4 is a non-linear support-vector machine model that uses the
radial basis function kernel. Eq. (6) shows the loss function used
for the hyper-parameter search.

L1 (y, ŷ, C, γ) = −F1 (y, ŷ) + C/20 + γ/20

(6)

with a search space constraining C ∈ [10−3 , 1), γ ∈ [10−3 , 1) and
the class weight to ω0 ∈ [10−4 , 1].

ACC =

2
1
precision

+

1
recall

TP + TN
TP + TN + FP + FN

(7)

(8)

Step 4. Model Evaluation

Sub-task 1 involves the evaluation of each individual model. The
predictive performance of models B1-B4 is evaluated, followed
by a discussion on scalability. The expectation is that models that
demonstrate a large drop in performance between the validation
and testing sets are subject to overfitting and do not scale well.
Sub-task 2 is concerned with cross-model comparison.
Particular interest lies in comparing the performance of model
B1 to model B3 and model B2 to model B4, in order to evaluate
whether there are large differences across classifiers of a similar;
linear or non-linear, kind. A comparison between models B1, B3
and models B2 B4 is also made, seeing as for the former,
non-linear transformations are performed prior, while the latter
are expected to detect them.
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Table 6. Confusion matrix for validation set for Models B1-B4.

A. Descriptive Statistics

In predictive modelling research, descriptive and visual
statistics are typically used for exploratory purposes with the
aim of detecting visible patterns in the available data. In
contrast, this study does not include exploratory analysis, as it
relies on the outcome of study A; model A1. Figure 5 provides a
visual summary of the independent variables. X0, X2 and X4
exhibit higher variability for instances of thermal discomfort, as
well as marginally higher mean values. X3 shows higher
variability and a marginally lower mean value for instances of
thermal discomfort. X5 indicates that there is a similar number
of instances of thermal comfort for both genders but also a
larger number of instances of thermal discomfort for the female
population. All variables demonstrate considerable overlap
between comfort and discomfort, suggesting that a single
variable is insufficient for achieving accurate predictions.
However, each variable constitutes an individual influence and
it is possible that the combined consideration of the
aforementioned variables will allow better distinction between
thermal comfort and thermal discomfort. All variables undergo
min-max normalization before the modelling stage.

Prediction outcome
1

0

Discomfort:1

True Pos.
B1 = 30
B2 = 25
B3 = 25
B4 = 30

False Neg.
B1 = 8
B2 = 13
B3 = 13
B4 = 8

Comfort:0

False Pos.
B1 = 26
B2 = 18
B3 = 17
B4 = 29

True Neg.
B1 = 13
B2 = 21
B3 = 22
B4 = 10

Actual
value

show difficulty classifying thermal discomfort, as indicated by
the large number of false negative predictions.
Table 7. Confusion matrix for test set for Models B1-B4.

Prediction outcome
1

B. Model Fit

Table 5 summarizes the results of the hyper-parameter search
for each model. The penalty implemented on large values of
C yields final values of 0.18, 0.34 and 0.52 for models B1, B2
and B4, respectively. Further increasing C would result in lower
error but it would also increase the risk of overfitting. The same
applies for d = 8 and γ = 0.55 for models B2 and B4. The
inclusion of the F1 -score in the loss function incentivizes models
B1-B4 to prioritize class 1 (ω1 = 1) over class 0 by assigning
ω0 to 0.70, 0.45, 0.66 and 0.68, respectively. The models are
trained using the optimal hyper-parameters and validated on
the validation set.
Table 5. Result of hyper-parameter search for models B1-B4.

Model

L1

C

ωo

d

γ

B1

0.591

0.18

0.70

-

-

B2

0.672

-

0.45

8

-

B3

0.553

0.34

0.66

-

-

B4

0.554

0.52

0.68

-

0.55

1 Eq.

(3).

2 Eq.

(4).

3 Eq.

(5).

4 Eq.

(6).

0

Discomfort:1

True Pos.
B1 = 22
B2 = 28
B3 = 23
B4 = 25

False Neg.
B1 = 25
B2 = 19
B3 = 24
B4 = 22

Comfort:0

False Pos.
B1 = 9
B2 = 12
B3 = 11
B4 = 11

True Neg.
B1 = 21
B2 = 18
B3 = 19
B4 = 19

Actual
value

Figure 8 provides an overview of the classification metrics
for models B1-B4. Figures 7-9 show the corresponding ROC
curves. The ROC plots for the validation run are included in
Appendix A. In general, the difference in performance across the
models is very slight and all four models yield low scores across
all five metrics. While models B2 and B3 show better ACC and
weighted F1 , precision and recall scores on the validation set,
they no longer outperform the other models on the test set.

4. DISCUSSION
Sub-task 1

C. Model Validation/Testing

Table 6 shows the confusion matrix for the validation run.
Models B2 and B3 yield a higher number of true values and a
better balance between true negative and true positive values
compared to models B1 and B4. The latter also holds for false
predictions. No major bias towards one of the two classes is
observed. The validation set is absorbed into the training set
and the four models are tested on the remaining 77
observations.
Table 7 shows the confusion matrix for the test run. The
number of true predictions for the four models ranges between
42 and 46. No major classification imbalance is observed save for
a marginally higher number of positive predictions for model
B2. The latter is expected, given ω0 = 0.45. All four models

Sub-task 1 involves the evaluation of each individual model,
starting with model B1. The logistic regression model performs
slightly better than randomly guessing, which occurs at
ACC = 0.50. Model B1 yields an acceptable AUC of 0.68.
However, the value is not consistent with the value obtained
during validation. In the context of a small data set containing
only 385 observations, it is possible that the increase in
performance is a result of random variation in the data. The
metrics calculated at the default threshold are consistent across
validation and testing, showing no clear signs of overfitting.
A big advantage of logistic regression is its ease of
interpretability. The model fit is shown in Eq. (9). Table 9 shows
a comparison between the parameter estimates obtained for
models A1 and B1. It shows that the polarity of the estimates is
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Fig. 5. Boxplot distribution of independent variables in relation to thermal comfort and discomfort.

ROC Curve for Test Set - Model B1

Table 8. Classification metrics for validation/testing for models B1-B4.

1.0
L1

Set
5-fold

B1

0.59

0.8
0.56

0.53

0.58

0.56

0.56

0.56

0.61

0.51

0.62

0.60

0.60

0.60

0.60

0.64

0.58

0.59

0.60

0.58

Validate

0.58

0.61

0.61

0.61

0.61

Test

0.67

0.55

0.55

0.59

0.55

0.57

0.52

0.48

0.53

0.52

0.66

0.57

0.58

0.60

0.57

0.672

0.55

Validate
Test
2 Eq.

(4).

3 Eq.

(5).

4 Eq.

0.6
0.4
0.2

3

Logistic Regression (AUC = 0.68)

0.0

0.554

5-fold

(3).

RECw

0.58

5-fold

1 Eq.

PREw

0.68

Test

B4

F1w

Test

Validate

B3

ACC

Validate

5-fold
B2

AUC
1

True Positive Rate

Model

0.0

0.2

0.4
0.6
False Positive Rate

0.8

Fig. 6. ROC curve for logistic regression model.

Table 9. Parameter estimates for Models A1 and B1.
(6).

Parameter

Model A1

Model B1

consistent with hypotheses H1-H4 and that the relative
importance of the parameters is consistent across the two
models, considering the recent inclusion of X5.

X0

0.64

0.29

X2

0.36

0.30

X3

-0.38

-0.13

exp(−0.27 + 0.29X0 + 0.30X2 − 0.13X3 + 0.17X4 + 0.23X5 )
1 + exp(−0.27 + 0.29X0 + 0.30X2 − 0.13X3 + 0.17X4 + 0.23X5 )
(9)

X4

0.39

0.17

X5

-

0.23

P (Y = 1 | X ) =

1.0

The predictive performance of the random forest model is
poor but it demonstrates robustness for all performance metrics
across validation and testing, which shows scalability potential.
The linear support-vector machine model performs very
poorly. In addition, model B3 yields inconsistent results across

validation and testing, in the form of AUC values of 0.58 and
0.67, respectively. The remaining metrics drop below 0.60
during the testing phase.
Given the poor predictive
performance of the model during validation and the limited
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necessary for making reliable predictions. However, real world
data is noisy and constitutes a pitfall for even the most
prevalent models. Therefore, a predictive model can be
expected to perform even worse in practice than it does on the
mother data set. With that in mind, the predictive potential of
models B1-B4 is found to be insufficient. This does not imply
that the model features are not significant but it can be taken as
an indication that additional features are necessary to account
for the noise present in the data and increase the predictive
power of the models.

ROC Curve for Test Set - Model B2
1.0

True Positive Rate

0.8
0.6
0.4
0.2
Random Forest (AUC = 0.63)

0.0
0.0

0.2

0.4
0.6
False Positive Rate

0.8

1.0

Fig. 7. ROC curve for random forest model.

ROC Curve for Test Set - Model B3
1.0

True Positive Rate

0.8
0.6
0.4
0.2
Linear SVM (AUC = 0.67)

0.0
0.0

0.2

0.4
0.6
False Positive Rate

0.8

1.0

Fig. 8. ROC curve for linear SVM model.

ROC Curve for Test Set - Model B4
1.0

True Positive Rate

0.8
0.6
0.4
0.2
Non-linear SVM (AUC = 0.66)

0.0
0.0

0.2

0.4
0.6
False Positive Rate

0.8
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1.0

Fig. 9. ROC curve for non-linear SVM model.

sample size, it is not possible to verify whether the drop in
performance occurs due to overfitting but it raises warning flags
concerning the scalability potential of the model.
The non-linear support-vector machine model performs
slightly better than guessing and its performance improves
drastically during the testing phase. It is unclear whether the
increase in performance is likely to prevail and the scalability
potential of the model remains inconclusive.
Looking at all four outcomes, it is possible that the quality of
the survey data introduces noise and masks the patterns

Sub-task 2

Sub-task 2 concerns the comparison of models B1-B4. Firstly, a
comparison is made between the two linear models and the two
non-linear models. Both models B1 and B3 perform poorly.
However, logistic regression is easier to interpret than
support-vector machines and the model exhibits smaller
changes in performance across validation and testing. The latter
may be an indication that model B1 scales easier than model B3,
although it remains a possibility; not a certainty. Models B2 and
B4 also exhibit poor predictive capabilities. However, the
random forest appears to be more robust to data variability than
non-linear support-vector machines, possibly due to the fact
that the former operates by taking the mode of several
individual predictions. In order to verify whether model B2 is
more scalable, one may consider testing the models using an
unrelated data set.
Secondly, the two linear models are compared to the two nonlinear approaches. The former require more domain knowledge,
as any non-linearities must be introduced prior to fitting the
model. If the non-linear models outperform the linear models,
one may argue that human expertise is inferior to the analytical
potential of data mining. In fact, it is common practice to exclude
linear models from consideration if non-linear relationships are
suspected. On the other hand, if the linear models outperform
the non-linear models, one may argue that non-linear models are
not capable of detecting the necessary non-linear relationships
and are affected by dimensionality or the number of model
features.
The performance of linear models B1, B3 and non-linear
models B2, B4 is comparable. The initial assumption is that the
exponential transformation performed for the linear models is
captured by models B2 and B4, resulting in similar performance.
In order to test whether the transformation makes a significant
contribution, models B1 and B3 are retrained using X1 instead
of X0. The performance of models B1 and B3 does not show any
significant changes, indicating that the data is not suitable for
drawing an adequate comparison between domain-driven
linear methods and non-linear algorithms.

5. CONCLUSION
This research tests the predictive potential of four machine
learning classifiers. Models B1-B4 are fitted on the basis of an
existing explanatory model A1, with the intention of predicting
thermal discomfort in offices during summer. The models are
trained using logistic regression, random forest, linear
support-vector machine and non-linear support-vector machine
algorithms, respectively. None of the four predictive models are
capable of adequately classifying thermal comfort and
discomfort, despite the fact that model A1 finds the model
features to be significant. The study concludes that combined
use of explanatory and predictive modelling is necessary in the
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research field in order to test whether variables treated in
thermal comfort research hold theoretical relevance, predictive
potential, both or, perhaps, neither. The study shows that
significant influencers are not always adequate predictors.
Likewise, adequate predictors are not necessarily relevant to the
domain in question. Both aspects can be controlled by treating
explanatory and predictive models as two essential steps of a
thermal comfort study.
The results show that thermal comfort is a complex,
multi-domain construct that is difficult to predict. However, the
performance of the four predictive models does not cast a
definitive shadow over the prospect of accurate prediction.
Predictive models that cover a wider scope are likely to achieve
better performance. Researchers are advised to precede future
thermal comfort research with extensive explanatory modelling,
in order to facilitate the creation of multi-domain predictive
models that contain a large variety of physical, contextual,
social and non-social variables.
The study does not examine the full potential of knowledge
discovery in databases. Therefore, it is not possible to tell
whether a domain driven approach such as explanatory
modelling yields better results than a data-driven approach
such as data mining. When applied correctly, data mining may
unveil patterns that are unprecedented in existing literature. In
order to compare the two approaches, additional research is
necessary to apply knowledge discovery in databases in parallel
to explanatory modelling and compare the outcomes.
This research uses a five-point thermal comfort scale to
construct a binary variable. Alternative thermal comfort scales
can be constructed by including the neutral class, excluding
classes 2, 3 and 4 or making no changes at all and training a
multinomial classifier using the five original classes. Thermal
comfort measurements constitute a significant limitation due to
the fact that an identical scale is perceived differently by
different participants. Future research may consider calibrating
the scale according for each individual, prior to conducting
measurements. If the latter is not possible, the immediate use of
a binary scale may be more suited for building a binary model.
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A. MODEL VALIDATION
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Fig. 10. ROC curve for logistic regression model.

Random Forest (AUC = 0.62)

0.0
0.0

0.4
0.6
False Positive Rate

0.8

1.0

Fig. 11. ROC curve for random forest model.
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Subjective thermal comfort measurements are commonly performed using custom surveys. The custom
surveys used in field studies are often poorly designed and inaccessible. The vast body of single use
surveys grows larger by the day. To combat redundancy, this research proposes a survey prototype that
can be used as a systematic point of reference for the design of future surveys. The prototype consists
of two questionnaires. The former is a one-time questionnaire and the latter is a right-here-right-now
questionnaire designed for longitudinal measurements in offices, in combination with continuous sensor
data. A detailed account of the design process is provided and the survey contents are publicly reported.
The survey prototype is available for modification and future use in thermal comfort research.

1. INTRODUCTION

B. Data Collection

A. Thermal Comfort

Occupant thermal comfort is related, albeit not synonymous, to
how the occupant perceives the indoor environment. As shown
in Figure 1, the process begins with input via distal stimuli,
caused by the physical indoor environment [1]. The distal
stimuli propagate towards the receptor organ of the occupant,
where they are registered as proximal or sensory stimuli. The
proximal stimuli are processed into distal stimuli by the brain.
This stage is referred to as thermal sensation. The sensations are
transformed into abstract percepts in the short-term memory
and are compared to long-term memories in order to assess
their significance. As a result, the occupant obtains a perceptual
stance towards the indoor environment.

Distal
Stimuli

Proximal
Stimuli

Processing

User
Perception

User
Evaluation

Enviromental
Domain

Sensory
Domain

Sensational
Domain

Perceptual
Domain

Cognitive
Domain

Fig. 1. Thermal comfort as a causal process, adapted from Willems et al., 2020[1].

Examples of thermal perception include thermal acceptance
and thermal preference. Meanwhile, thermal comfort is the
result of a cognitive evaluation of the perceptual stance. Put
differently, thermal comfort is largely dependent on the situation
at hand, making it volatile and difficult to measure.

Data collection lies at the heart of thermal comfort research, as
the quality thereof is largely dependent on the quantity and
quality of the available data. Existing data collection methods
are often divided into objective measurement methods and
subjective measurement methods [2]. This study concerns data
collection in office buildings.
B.1. Objective Methods

Objective is a term used to describe measurement methods that
involve the use of equipment without reliance on the human
dimension. In the context of thermal comfort, the most
prominent example of an objective measurement method is a
climate sensor [3]. In the context of office buildings, climate
sensors have evolved from bulky, mono-functional equipment
into compact sensor nodes, capable of measuring multiple
variables at once [4, 5]. The growing presence of sensor nodes in
office buildings alters the trends concerning subjective methods
used in field studies. The focus of this study is on subjective
measurements in offices, where the presence of sensor nodes is
implied.
B.2. Subjective Methods

Subjective measurement methods are used to measure constructs
that cannot be directly observed and, in contrast to objective
methods, they are heavily reliant on human participation. As a
result, subjective methods bear relevance to the field of social
sciences and are often borrowed from the discipline. Examples of
subjective methods include surveys, interviews, brainstorming
and personal diaries [6]. The choice of method depends on the
objective of the research and on the practical constraints. In
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thermal comfort research, occupant surveys are by far the most
used for subjective data collection. To this end, survey design
for thermal comfort modelling is the focus of this study.
C. Multi-Domain Modelling

Thermal comfort modelling is considered a multi-domain
problem. Multi-domain modelling is a response to the complex
and volatile nature of thermal comfort. Its purpose is to
represent thermal comfort via the combined influence of
multiple domains. Figure 2 shows a tree-like structure that
contains environmental and occupant-related influences. The
hierarchical structure presents the four primary domains, the
constituent factors and the corresponding variables, related to
thermal comfort in offices. An extensive review reveals that
existing literature covers various combinations of physical,
social, non-social and contextual variables, although most
combinations are rarely studied more than once [Part I, 7].
THERMAL COMFORT
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CONTEXTUAL
DOMAIN

SOCIAL
DOMAIN
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Time
Time of day /
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LEGEND
DOMAIN
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Fig. 2. Hierarchy of stimuli that affect thermal comfort in offices.

In the context of multi-domain thermal comfort modelling, a
distinction is made between explanatory models and predictive
models [Part III, 8]. The former seek to analyse the influence of
one or more variables on thermal comfort, whereas the latter
use one or more variables to predict it. A well-rounded thermal
comfort study is expected to include both explanatory and
predictive components, in order to test whether variables
treated in thermal comfort research hold relevance and
predictive power [Part III, 8]. As a result, data collection
methods are expected to enable explanatory and predictive
modelling.
D. State of the Art

Multi-domain research requires large amounts of data. In
addition to logging sensor data, existing field studies typically
employ the use of custom surveys that accommodate the
research objective. Survey techniques used in existing field
studies include transverse questionnaires [9–24] and
longitudinal questionnaires [9–11, 25–31].
Transverse
questionnaires gather feedback from a population at a specific

55

moment in time. Longitudinal questionnaires, on the other
hand, survey a given population more than once. Most
longitudinal and transverse questionnaires are of the
right-here-right-now (RHRN) variety but some refer to a
moment or period in the past. The questionnaires are
administered digitally, in print form or verbally.
In the context of thermal comfort field studies, transverse
questionnaires are the most commonly used. Numerous authors
use RHRN questionnaires to measure social factors and collect
thermal votes at a given moment in time. Merabet et al., 2020,
Kumar et al., 2016, Mustapa et al., 2016, Lou et al., 2019 and
Pivac et al., 2018, employ the combined use of RHRN
questionnaires and physical measurements using portable
instruments [12–16]. Huang et al., 2012, employ an RHRN
questionnaire in a controlled field study, in order to determine
satisfaction levels with regard to thermal, acoustical and visual
factors [17]. Bae et al., 2020, use a digital post-occupancy
evaluation tool to investigate 12 factors related to the indoor
environment [18]. Freihoefer et al., 2015, Liang et al., 2014, and
Chinazzo et al., 2018, use a digital post-occupancy
questionnaire, in combination with portable measurement
devices, to investigate various aspects of the indoor
environment, including the thermal conditions [19–21]. Yun et
al., 2008, carry out continuous physical measurements by
installing sensors, and employ a post-occupancy questionnaire
at the end of the measurement period [22]. Choi et al., 2012,
investigate 5 factors using a post-occupancy questionnaire,
sensor node data and hand-held measurements [23]. Menzies et
al., 2005, conduct focus groups, interviews and distribute
post-occupancy questionnaires, with the latter addressing 7
factors pertaining to comfort [24].
In contrast, longitudinal studies, such as those performed by
Gauthier et al., 2020, Kallio et al., 2020, Marin-Restrepo et al.,
2020, Salehi et al., 2020, Mangone et al., 2014, Jamrozik et al.,
2018 and Vasquez et al., 2013, are less common and share
several similarities [25–31]. Firstly, longitudinal questionnaires
are typically accompanied by continuous sensor measurements
of one or more physical factors. Secondly, the aforementioned
questionnaires collect more that one entry per occupant. Several
authors use both transverse and longitudinal questionnaires in
their research. Haldi et al., 2010, use data from one transverse
and two longitudinal field studies in order to increase the
scalability potential of their research [9]. Manu et al., 2016,
combine right-here-right-now feedback with long-term
evaluation [10].
Raja et al., 2001, use a longitudinal
questionnaire to gather repetitive thermal votes and a
transverse questionnaire to conduct a more extensive evaluation
of the indoor environment [11].
E. Literature Gap

A review of the state of the art reveals that, despite the large
body of custom surveys, it is likely that a lack of transparency
in survey design discourages researchers from using existing
methods. The term transparency concerns two aspects of survey
design:
1. The design process
2. The outcome
Firstly, existing literature on thermal comfort modelling does
not provide an overview of the survey design process. If
available, the information concerns the outcome and not the
process itself. As a result, researchers external to the study are
unable to assess the quality of the survey or replicate its
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contents. Both aspects discourage follow-up studies and make
cross-comparison between studies very difficult. Design aspects
that ought to be mentioned include a path structure to explain
the purpose of the survey, a review of relevant surveys and an
account of the semantic decisions taken during the design stage.
Secondly, survey characteristics are poorly communicated
in existing literature and the information is, most of the time,
insufficient for replication. Survey duration is almost never
reported. Reliability metrics that measure the validity of the
item sets are usually omitted. The survey contents are rarely
displayed and the source of the survey, if applicable, isn’t always
provided. As a result, survey replication gives way to the design
of original surveys. The latter constitutes an inefficient use of
academic resources, seeing as it inhibits learning from one’s
peers and promotes individualistic behaviour.
Several studies exhibit a conscious effort to communicate the
characteristics of their survey. Brambilla et al., 2020 [32], report
the duration of the survey used in their laboratory experiment,
along with the individual questionnaire items. Kallio et a., 2020
[26], report the questionnaire items used for their field
measurements, alongside screenshots depicting the graphical
interface of the digital survey. Freihoefer et al., 2015 [19], state
the source of the survey used in their field study and report the
reliability of each individual scale. The aforementioned authors
belong to a small list of academics, who set an example to their
peers.
F. Research Objective

The explicit objective of this research is to design a survey for
multi-domain thermal comfort modelling, using resources
available in existing studies. Transparency is an implicit
requirement. The survey is proposed as a modifiable tool,
capable of generating high quality data for follow-up studies,
and is subject to minimum requirements:
•
•
•
•

Fit for conducting longitudinal measurements in offices
Usable in conjunction with continuous sensor data
Allows measurements for each of the four domains
Includes right-here-right-now thermal votes

The primary outcome of this research is a survey prototype,
consisting of a one-time questionnaire and an RHRN
questionnaire. The transparency of the design process makes
the survey easy to use and easy to modify. In fact, the
methodology constitutes an implicit outcome of this study and
may prove useful for the design of original surveys in the field
of thermal comfort.
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Fig. 3. Flowchart diagram of research methodology.

Step 0: Variable Selection

The scope of the literature review covers thermal comfort studies
that include any combination of physical, social, contextual and
non-social variables [Part I, 7]. During this step, a complete list
of variables is compiled and a selection of variables is made.
Variables that are supported in thermal comfort literature are
included in the selection. This step is put in place to ensure the
inclusion of relevant variables and discourage the addition of
‘convenient’ variables without a theoretical premise. During this
step, a tabular overview of the literary scope is presented and
the selection is communicated.
Step 1: Research Structure

The first step of the design process begins with the research
structure. The aim of this step is to create a visual summary
of the current literature in order to summarize the hypotheses
associated with the survey. Figure 4 provides a template for the
research structure. The thermal response variables are central
to the structure and they are surrounded by the influencing
variables, which are divided according to the four domains. The
structure includes studies that examine direct effects. If relevant,
studies that include interaction effects are specified as well. The
template can be easily expanded to accommodate additional
literature.

Contextual
[Main
effect]

Social

[Main]

Thermal response

[Main
effect]
Non-social

[Main]

Physical

[Interaction
+
effect]

2. METHOD
The research methodology outlined in Figure 3 consists of 5 steps.
The steps represent valuable milestones in the design process but
their sequence is arbitrary. Step 0 is conducted on the basis of an
existing literature review [Part I, 7]. The survey design process
begins with Step 1 and ends with Step 4. Steps 1-3 provide a
detailed account of the design process, while Step 4 reports the
design outcome. During Step 1, the research structure is defined.
The research structure informs the structure of the survey S1,
which is communicated during Step 2. During Step 3, the items
for questionnaires S1.1 and S1.2 are designed. Step 4 presents
the outcome of the design process.

Fig. 4. Template for communicating the research structure.

Step 2: Survey Structure

Once the research structure is complete, the selected variables are
transformed into one or more items. The survey is divided into
two questionnaires, which are subdivided into several sections
that contain items that measure similar constructs.
In the most favourable scenario, existing items are available
and can used directly. First and foremost, literature included in
the research structure is checked for publicly available surveys,
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sets or individual items. If the internal search does not prove
successful, an external search is performed. In the absence of
a suitable reference item, an original item is designed and the
process is described in further detail.
Step 3: Item Design

Once the survey structure is complete, the semantic
representation of each construct becomes a priority. The design
or adaptation of questionnaire items involves techniques from
the social science domain, which strive to prevent bias in
subjective measurement methods such as surveys. Bias
manifests itself in the form of leading remarks, loaded
questioning, social desirability and scale ambiguity [pp.
436-479, 33]. Leading remarks constitute phrasing which
implies that a certain response is desired, while loaded
questioning uses emotive language to evoke an emotional
response in the user. Social desirability invokes a personal bias,
where a user may feel inclined to answer untruthfully, in order
to preserve their public image. Scale ambiguity occurs when an
item scale is not limited to a single interpretation.
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Table 1. Literary scope regarding social, contextual and non-social variables [7].

Domain

Social

Factor

Variable

Literature1

Exposure

Length of stay∗

[34]

Work

Time
Design

Contextual

Step 4: Design Outcome

Once the individual items are complete, they are aggregated
into a survey using the online platform Microsoft Office Forms.
The design outcome involves two digital questionnaires; S1.1
and S1.2. The S1.1 prototype undergoes an informal content
validation study, where a total of 4 university students, external
to the building science field, provide feedback concerning the
interpretability of the questionnaire. The comments provided
during the content validation study are used to make
improvements to questionnaire S1.1. Finally, the contents of
both questionnaires are presented in their entirety and access to
the digital forms is provided.

A. Variable Selection

A.1. Social Variables

Age, gender and body-mass index are not included in the
literature review, as they are reported by most existing studies.
Therefore, their inclusion in the survey is implied. Length of
stay is selected in pursuit of follow-up research in real office
environments. Job type is also included, while hours spent at
the office per week and time spent in the primary space are
excluded, given that both variables are subject to change over
time and a subjective measurement thereof is not considered
reliable. Authors often compare the outcome of their predictive
model to the PMV/PPD index, which acts as a baseline for
thermal comfort prediction [50]. In order to enable the
calculation of the PMV, clothing type and activity type are
included. In summary, 9 social variables are selected, namely;

1

[16]

Hours per week in office

[18]

Time in primary space

[18]

Season∗

[13, 21]

Time of the day∗

[35, 36]

Office

layout∗

[19, 27]

Glazing colour

[37]

Wall colour

[38, 39]

Curtain colour

[40]

Wall treatment

[41]
[29]

Proximity to controls

[11]

Occupancy

Count∗

[16, 42]

Building Systems

Ventilation type

[14]

Certification type

[20]

Perceived control∗

[22, 43]

Visual perception∗

[44, 45]

State of affect∗

[46]

Psychology

Non-social

Job

type∗

Presence of plants

Physiology

3. RESULTS
Table 1 provides a list of variables that appear in existing
literature, in descending order of frequency. The variables are
grouped by factors and the factors are subsequently grouped
using the four domains. The variables are extracted from a
previously performed review [7]. The review is not extensive
but offers sufficient insight into the scope of thermal comfort
research. A selection of noteworthy variables is made, based on
their frequency and their scalability potential. In other words,
variables which are difficult to measure and have a weak
presence in existing literature are excluded.
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Personality traits∗

[42]

Views on energy

[20]

Blood pressure

[46]

Heart rate

[46, 47]

Heart rate variability

[46]

Fingertip blood perfusion

[48]

Skin temperature

[48]

Electroencephalography

[49]

Given that user sensation, perception and evaluation are all within scope of the literature

review, the mentioned studies are not limited to thermal comfort modelling. ∗ Selected.

age; gender; height; weight; length of stay in building; length of
stay in workplace; job type; clothing type and activity type.
A.2. Contextual Variables

The most prominent contextual variables are season, time of
day, office layout and occupancy count. The former two can be
extracted from the timestamp of a digital survey. The office
layout can be extracted from the location data. Location is
selected to be the representative variable for measuring
building design variables, such as office layout, wall colour,
presence of windows and proximity to controls. Finally,
occupancy count is selected, resulting in a total of 4 contextual
variables; date; time; location; and occupancy count.
A.3. Non-Social Variables
Independent Variables

The influence of psychological factors on thermal comfort is
recognized in current literature. Gall et al., 2021, study the
influence of stress on thermal preference [51]. Guan et al., 2020,
study the relationship between thermal sensation, thermal
comfort and physiological factors [48]. The authors find that the
former cannot be explained using physiology and conclude that
psychological factors are at play. The inclusion of prominent
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psychological variables is deemed essential to a multi-domain
study. Several prominent variables, including perceived control,
state of affect and personality traits are selected. Visual
perception sets a precedent for the potential influence of indoor
environmental quality perception, such as acoustical perception
and indoor air quality perception. A total of 6 non-social
variables are selected, namely; perceived control, visual
perception, acoustical perception, air quality perception, state of
affect and personality traits. The latter two variables consist of
multiple psychological constructs that are defined further in the
design process.
Dependent Variables

Occupant response to the thermal environment ranges from
sensation to cognition. The five constructs that are commonly
used to measure thermal response are thermal sensation,
thermal comfort, thermal preference, thermal satisfaction and
thermal acceptability, with sensation and comfort being the
most frequent and acceptability; the least frequent [7]. The
ISO-10551-2019 standard advises the use of multiple
dimensions for the assessment of thermal response [52]. As a
result, thermal sensation, thermal comfort, thermal preference
and thermal satisfaction are selected.
A.4. Physical Variables

The survey is designed for subjective measurements in
combination with continuous sensor data. Therefore, physical
variables are not included in the survey and the availability of
conventional sensors, such as; indoor temperature; relative
humidity; illuminance; sound pressure level; and carbon
dioxide concentration, is assumed [53].
B. Research Structure

Figure 5 proposes a research structure in reference to the
underlying literature. The main and interaction effects found in
existing studies are summarized below. The review is neither
exhaustive, nor does it concern itself with the existence of
undiscovered interactions.

Age

Gender

Height

Space
exposure

Building
exposure

Job type

[34]

[34]

[16]

Date

[13,21]

Time

[35,36]

Location [19,27]

Weight

Clothing

Activity

Carbon
dioxide
Thermal sensation
Thermal comfort
Thermal preference
Thermal satisfaction

Occupancy
[16,43]
count

Humidity

[22]

[45,46]
Visual
perception

Acoustical
perception

Air quality
perception

[54]

Fig. 5. Research structure, based on [Part I, 7].

B.1. Social Variables

Toftum et al., 2018, find that the length of stay in the climate
chamber confounds the thermal response of the occupant [34].
In the context of office buildings, a distinction is made between
exposure to the building and exposure to the space at the time
of the survey. Pivac et al., 2018, find that teaching staff is
significantly more satisfied with thermal conditions during
winter than non-teaching staff [16]. The effect of occupation is
to be reexamined using a broader range of job categories.
B.2. Contextual Variables

Marin-Restrepo et al., 2020, find a significant relation between
thermal sensation and office layout [27]. Freihoefer et al., 2015,
find that office layout significantly affects thermal satisfaction
[19]. Office layout and many other design aspects can be
recovered from the location of the occupant. Pivac et al., 2018,
find that higher occupancy count results in significantly lower
thermal satisfaction [16], while Schweiker et al., 2016, do not
find a significant relationship between occupancy count and
neutral temperature [43]. However, Schweiker et al., 2016, find
that higher occupancy count results in lower perceived control,
which in turn affects the neutral temperature [43]. The
interaction effect is visible in the organizational hierarchy.
B.3. Non-Social Variables

Yun et al., 2008, find that thermal comfort is significantly
affected by perceived control [22]. Te Kulve et al., 2016, and Te
Kulve et al., 2018, find that thermal comfort and visual comfort
are significantly related [44, 45]. There is no precedent for the
influence of acoustical perception and air quality perception on
thermal response but, given the presence of corresponding
sensor data, the variables are included in the survey. Wang et
al., 2020, find that emotional state affects thermal response [46].
The authors unite the constructs of pleasure and arousal and
measure state of affect from very pleasant to very boring. The
effect of the state of affect is to be reexamined using a more
specialized set of items; pleasure; arousal; and dominance [54].
Schweiker et al., 2016, examine the influence of four out of the
Big Five personality traits; extraversion; neuroticism; openness;
general self-efficacy; and find that extraversion interacts with
temperature and that neuroticism directly affects thermal
preference [42]. In addition, the authors construct an original
item set known as thermo-specific self-efficacy, which aims to
translate general self-efficacy into the context of thermal
perception [55]. They find that thermo-specific self-efficacy
exerts a significant influence on thermal preference. The effect
of personality traits is to be represented by extraversion,
neuroticism, openness to experience and thermo-specific
self-efficacy.

Temperature
Sound
pressure
level
Illuminance

C. Survey Structure

[43]

[44]

Perceived
control

58

[47]

[43]

State of
affect

Personality
traits

The survey is split into two questionnaires. S1.1 is a one-time
questionnaire consisting of 49 items. S1.1 includes occupant
characteristics that are assumed constant. S1.2, on the other
hand, is a right-here-right-now questionnaire consisting of 21
items. S1.2 is designed for longitudinal measurements and the
questionnaire is composed of variables that fluctuate over time.
Table 2 shows the structure of the survey. If applicable, the
source of the item is listed. It is important to mention that there
is almost no continuity between the studies included in the
research structure and the sources shown in the table, as most
authors do not provide a copy of the survey. In other words,
most questionnaire items are the result of an additional search,
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external to the literature review, and they do not necessarily
originate from multi-domain thermal comfort research.

Table 2

Survey

S1.1

Section

Variable

Item

Source

A

Privacy statement

1

N/A

B

Identification code

2-3

[56]

Job type

4

Scale: [57]

Age

5

N/A

Gender*

6

Adapted

Height

7

N/A

Weight

8

N/A

Neuroticism

9-18

[58]

C

D

Extraversion

19-28

[58]

Openness to experience

29-38

[58]

E

Thermo-specific self-efficacy*

39-48

Adapted:[55]

F

Comment box

49

N/A

A

Identification code

50-51

[56]

B

S1.2

C

D

Location*

52

Original

Length of stay in location*

53

Original

Length of stay in building*

54

Original

Occupancy count

55

[59]

Clothing type

56

[60]

Activity level

57

[50]

Pleasure

58

[pp. 216-217, 54]

Arousal

59

[pp. 216-217, 54]

Dominance

60

[pp. 216-217, 54]

Thermal sensation

61

[50]

Thermal satisfaction

62

Scale:[20]

Visual satisfaction

63

Scale:[20]

Acoustical satisfaction

64

Scale:[20]

Air quality satisfaction

65

Scale:[20]

Thermal preference

66

[61]

Thermal comfort

67

[52]

Perceived control*

68

Original

Source of discomfort

69

N/A

Comment box

70

N/A

* Original or adapted item design.

D. Item Design

The survey consists of 70 items, of which 4 are original, 11 are
modified, 48 originate from an external source and 7 do not
undergo a rigorous design procedure and are not discussed in
detail.
Identification code The identification code is used as a means
of identifying a participant without compromising their privacy.
A set of two items is taken from Boegheim et al., 2020 [56]:
2. Please fill in the first three letters of your mother’s name.
3. Please fill in the last three numbers of your mobile phone number.
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Job type The scale for the item on job type is taken from Leder
et al., 2016, who report four types of jobs, namely; administrative;
technical; professional; and management [57]. A fifth option is
added and only one answer is allowed. The final item design
reads as follows:
4. What is your job type? (If you are in doubt, please use the option
"Other".)
Scale: Administrative O Technical O Managerial O Professional O
Other _

Gender Gender is a habitual item in thermal comfort surveys
and is typically limited to male and female options. However,
gender is not a biological construct, unlike sex. A gender
inclusive option is added to account for the psychological
influence of other gender identities:
6. What is your gender? (Should you wish to self-describe, please
use the option ‘Other’.)
Scale: Female O Male O Prefer not to say O Other _

Neuroticism Being one of the Big Five personality traits,
neuroticism is a popular construct in the social science domain.
As a result, there are many measurement tools available. The
120-item IPIP-NEO is an open-source inventory which measures
the Big Five using a reduced amount of items [58]. Neuroticism
is measured using 10 items, where 5 items are positively keyed
and 5 items are negatively keyed, (N):
How well do the following statements describe your personality? As
an individual, I ...
9. Often feel blue.
10. Dislike myself.
11. Am often down in the dumps.
12. Have frequent mood swings.
13. Panic easily.
14. Rarely get irritated (N).
15. Seldom feel blue (N).
16. Feel comfortable with myself (N).
17. Am not easily bothered by things (N).
18. Am very pleased with myself (N).
Scale: Very inaccurate O Moderately inaccurate O Neither inaccurate
nor accurate O Moderately accurate O Very accurate

Extraversion The item set on extraversion is also taken from
the 120-item IPIP-NEO [58]:
As an individual, I ...
19. Feel comfortable around people.
20. Make friends easily.
21. Am skilled in handling social situations.
22. Am the life of the party.
23. Know how to captivate people.
24. Have little to say.
25. Keep in the background.
26. Would describe my experiences as somewhat dull.
27. Don’t like to draw attention to myself.
28. Don’t talk a lot.
Scale: Very inaccurate O Moderately inaccurate O Neither inaccurate
nor accurate O Moderately accurate O Very accurate

Openness to experience Similarly, the item set on openness to
experience originates from the 120-item IPIP-NEO [58]:
As an individual, I ...
29. Believe in the importance of art.
30. Have a vivid imagination.
31. Tend to vote for liberal political candidates.
32. Carry the conversation to a higher level.
33. Enjoy hearing new ideas.
34. Am not interested in abstract ideas (N).
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35. Do not like art (N).
36. Avoid philosophical discussions (N).
37. Do not enjoy going to art museums (N).
38. Tend to vote for conservative political candidates (N).
Scale: Very inaccurate O Moderately inaccurate O Neither inaccurate
nor accurate O Moderately accurate O Very accurate

Thermo-specific self-efficacy A self-efficacy scale, specSE,
specific to thermal comfort is proposed by Hawighorst et al.,
2016 [55]. The original thermo-specific self-efficacy items are
based on existing general self-efficacy questionnaires:
Please mark, to what extent the following statements apply to you.
Should you have doubts, choose the most appropriate one.
39a. I am certain to get the thermal parameters in my office room
under control.
40a. I know that I am able to change the room temperature even at
high outside temperatures.
41a. I am sure to find better ways to cope with the (room)
temperature during summertime in the future.
42a. I know that I can talk about the thermal conditions in the room
with my colleagues.
43a. I am sure that I can creatively handle the thermal conditions by
changing unfavourable situations.
44a. Even if I do not feel thermally comfortable at the moment, I
know that I am able to keep the necessary serenity.
45a. I can enforce innovative changes for the improvement of the
room temperature even against sceptical colleagues.
46a. No matter how many things I change in the room, I can hardly
influence the prevailing temperatures (N).
47a. I am confident to inspire my colleagues for new ideas at high
temperatures.
48a. Even if I feel thermally unpleasant sometimes, I can still do my
work well.
Scale: Not at all true O Hardly true O Moderately true O Exactly true O

The original scale is found to address the state of affect and is
not suitable as a measure of personality. Therefore, the original
scale is adapted in collaboration with one of the co-authors,
Marcel Schweiker. The original scale is changed to match the
one used to measure extraversion, neuroticism and openness to
experience, in order to avoid confounding the respondent. The
new items are based on the original specSE and follow the guide
for constructing self-efficacy scales by Bandura, 2006 [Ch.14, 62]:
As an individual, I ...
39b. Can succeed in getting my thermal environment under control,
if I try hard enough.
40b. Cannot keep calm if I feel thermal discomfort (N).
41b. Can maintain thermal comfort regardless of the outdoor
conditions, if I invest the necessary effort.
42b. Cannot enforce changes to the thermal environment against
sceptical colleagues (N).
43b. Can handle unpredictable temperatures due to my
resourcefulness.
44b. Cannot contribute to the improvement of thermal conditions
for my colleagues (N).
45b. Know that I can talk about my thermal preferences in the room
with my colleagues.
46b. Cannot deal with extreme temperatures efficiently (N).
47b. Can usually tackle thermal discomfort by implementing
solutions.
48b. Usually struggle to come up with a solution to my thermal
dissatisfaction (N).
Scale: Very inaccurate O Moderately inaccurate O Neither inaccurate
nor accurate O Moderately accurate O Very accurate

Location The location item is accompanied by a schematic
diagram of the floor plan in question, where the relevant spaces
are labelled and subsequently added to the scale. In the
example below, the office environment consists of workplaces
A-C and the option ‘I don’t know’ is provided to discourage
false answers:
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52. Please indicate your current location. [floor plan]
Scale: Workspace A O Workspace B O Workspace C O I don’t know O

Length of Stay in Location Under the assumption that the
participant is likely to derive the length of stay from their time of
arrival, length of stay in location and length of stay in building
are measured as follows:
53. At what time did you arrive at your current location? (Example:
0931)
54. At what time did you enter the building? (Example: 0900)

Occupancy Count The item on occupancy count is adapted
from Brink et al., 2016 [59]:
55. How many people are currently in the room, including yourself?

Clothing Type A scale for measuring clothing insulation is
proposed in the Thermal Environment Point-in-Time Survey
included in the ASHRAE-55-2010 standard [50]. However, the
scale consists of a checklist, containing 23 items of clothing and
poses a risk of decision fatigue. An external search is conducted
and the visual scale provided by Mishra et al., 2017 [60], is used,
accompanied by the following semantic representation:
56. Using the list below, please check each item of clothing that you
are wearing right now. (Check all that apply. If you are in doubt,
please use the option ‘Other’.)
Scale: Top _Shirt _Long-sleeved shirt _Sweater/blazer _Dress _
Trousers _Skirt _Jacket _Open shoes _Shoes _Boots _Scarf _Other _

Activity Type Activity type is measured using the dedicated
item from the ASHRAE-55-2010 standard [50]:
57. What is your activity level right now? (Check the one that is most
appropriate.)
Scale: Reclining O Seated O Standing relaxed O Light activity standing
O Medium activity standing O High activity O

Pleasure, Arousal, Dominance Pleasure, arousal and
dominance are measured using a complementary set of visual
scales [54], combined with the respective items:
58. Please use the visual scale and indicate your current state (1 =
unhappy - 9 = happy).
59. Please use the visual scale and indicate your current state (1 =
calm- 9 = excited).
60. Please use the visual scale and indicate how you currently feel (1
= controlled- 9 = in control).
Scale: 1 O 2 O 3 4 O 5 O 6 O 7 O 8 O 9 O

Thermal Sensation Thermal sensation is measured using the
dedicated item from the ASHRAE-55-2010 standard [50]:
61. What is your general thermal sensation? (Check the one that is
most appropriate)
Scale: Hot O Warm O Slightly warm O Neutral O Slightly cool O Cool O
Cold O

Thermal Satisfaction A standard item for thermal satisfaction
is not identified. A random search is conducted and 7-point
scale used by Liang et al., 2014 [20], is used to measure thermal,
visual, acoustical and air quality satisfaction:
How satisfied are you with the ... in your space? (Check the one that
is most appropriate)
62. Temperature
63. Lighting
64. Acoustics
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65. Air quality
Scale: Very satisfied O Satisfied O Slightly satisfied O Neither satisfied
nor dissatisfied O Slightly dissatisfied O Dissatisfied O
Very dissatisfied O

Thermal Preference The item for thermal preference is taken
from the work of Loomans et al., 2020 [61]:
66. How would you prefer the thermal environment to be now?
(Check the one that is most appropriate)
Scale: Much cooler O Slightly cooler O No change O Slightly warmer O
Much warmer O

Thermal Comfort Thermal sensation is measured using the
dedicated item from the ISO-10551-2019 standard [52]:
67. How do you find the current thermal conditions? (Check the one
that is most appropriate)
Scale: Comfortable O Slightly uncomfortable O Uncomfortable O Very
uncomfortable O Extremely uncomfortable O

Perceived Control Several existing items for measuring
perceived control are excluded due to scale ambiguity. An
original item with a semantic 5-point Likert scale is proposed:
At the moment... (Check the one that is most appropriate)
68. I feel the thermal environment is under my control.
Scale: Very inaccurate O Moderately inaccurate O Neither inaccurate
nor accurate O Moderately accurate O Very accurate

E. Design Outcome

The feedback given by the four students during the validation
study mainly concerns:
• Lack of familiarity with thermal comfort terminology
• Ambiguity due to lack of examples
In response to the comments, several changes are made. A
section explaining crucial terms, such as thermal environment
and thermal comfort, is added. Semantic alterations and
simplifications are made to the original items. Items taken from
existing literature are not changed. The final outcome for the
one-time questionnaire S1.1 is available in Appendix A. The
interactive version is stored digitally. The prototype prior to the
validation study is available in Appendix B. The final outcome
for the RHRN questionnaire S1.2 is available in Appendix C.
The interactive version is stored digitally.

4. DISCUSSION
The survey measures 19 variables pertaining to the social,
contextual and non-social domains. The outcome is suitable for
conducting
extensive
subjective
measurements
for
multi-domain thermal comfort research. The variable selection
process is attuned to existing literature and can be further
improved by considering new, unstudied variables. The survey
proposed in this study reflects directions that are currently
present in the field and does not intend to promote original
theories. In short, the current selection of variables is treated as
a baseline and any exclusion or inclusion of variables merits
additional motivation. The research structure is presented to
encourage researchers to use visual techniques to effectively
communicate their intentions during the survey design process.
The template used in this study is an example of a structural
diagram that can be easily updated as the scope of the research
field shrinks or expands.
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Many variables in thermal comfort research reoccur across
studies. However, if two studies treat the same construct but
measure it using different items or scales, it is no longer possible
to ensure that the measured constructs are identical. The design
protocol followed in this study prioritizes the use of existing
items. If the former is not an option, items are either adapted
or designed from the ground up. Original and adapted items
aim to minimize bias and misinterpretation using techniques
from the social science domain [33]. Firstly, emotive language
is eliminated in order to reduce bias. Secondly, if possible, the
order of the items is such that identical scales are consecutive.
Thirdly, every scale is labelled to improve interpretability. Most
importantly, noteworthy intricacies are described, permitting
future researchers to respect the original intentions and make
improvements to the items, if necessary. In fact, the purpose
of this study is to provide a prototype survey. Researchers are
strongly discouraged from treating the survey as a static product.
The field of multi-domain thermal comfort modelling is evolving
and the prototype is expected to evolve along with it.

5. CONCLUSION
This study oversees the design of a digital survey, aimed at
subjective measurements for multi-domain thermal comfort
modelling. The research outcome is comprised of a one-time
questionnaire and a RHRN questionnaire.
The RHRN
questionnaire is fit for conducting longitudinal measurements
in combination with continuous sensor measurements. The
questionnaires accommodate explanatory thermal comfort
modelling and predictive thermal comfort modelling using
social, contextual, non-social and physical variables.
The design process is communicated in four steps. Firstly,
a visual summary of the research field is presented. Secondly,
the structure of the survey is outlined. Thirdly, the design of
each individual item is narrated. Finally, the design outcome is
presented. The survey contents are reported in their entirety and
are available for use in future field studies on thermal comfort in
offices. The current survey design is exhaustive at the expense
of being concise. The transparency of the design process enables
future researchers to evaluate the quality of the survey and add,
remove or modify components where necessary.
A. Limitations

The study is subject to several limitations. Firstly, the literature
review that informs the survey is not exhaustive, as it does
not consider literature concerning adaptive thermal comfort,
personalized comfort, thermal behaviour, other types of comfort
and thermal comfort beyond the context of office buildings. As
a result, the selected variables are limited by the scope of the
literature review.
Secondly, several important survey characteristics are not
reported. There are not enough samples to evaluate survey
validity. The content validation study does not guarantee
construct validity and more rigorous testing is advised. The
content validation does not provide an adequate estimate of
survey duration. Moreover, the RHRN questionnaire is not
validated due to time constraints. In summary, the validity of
the survey is not measured and follow-up testing is necessary
before the survey can be implemented in practice.
Thirdly, the quality of the items is limited by the skills of
the researcher and is not on par with professionals from the
social science domain. Similarly, the use of existing items does
not guarantee high quality measurements, as existing thermal
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comfort surveys do not always follow guidelines established
by social scientists. In the future, it would be prudent to assess
the quality of the existing items, prior to including them in the
survey. If the quality of the items is low, custom design may
prove to be a better course of action.
Finally, following existing standards does not ensure accurate
subjective measurements. Recent findings show that, regardless
of the alleged notoriety and interpretability of a given scale, it is
not perceived equally by all respondents [63]. Future researchers
are encouraged to account for scale calibration in their subjective
measurement protocol.
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A. S1.1 POST-VALIDATION

Survey S1.1 (Post-Validation)
Welcome!
This survey has been developed as part of the master thesis of Eugene Mamulova, at the Eindhoven University
of Technology. The aim of her research is to understand how personal factors (e.g. personality, mood) and
surrounding factors (e.g. office layout, occupancy, indoor climate) influence the thermal comfort of office
employees. We would be very pleased if you could allocate approximately 10 minutes to complete this survey.
The information you choose to provide will be treated with anonymity.
The survey consists of two questionnaires. Upon submission of this questionnaire, you will be prompted to
complete the follow-up questionnaire. You will receive an email, inviting you to do so at random times during
work hours.
Have a nice day and thank you for taking the time to participate in this survey.

* Required

Privacy Statement (General Data Protection Regulation - GDPR)
1. I declare that I am participating voluntarily in this study and that I am aware that at any point in
time I have the right to quit the survey or withdraw my data without the need of any motivation.
The purpose and aim of the study are made clear to me. My retrieved data will be aggregated
to group level, evaluated and published for scientific purposes, such as research papers or
scientific follow-up research. When the research process is completed, my individual records will
be deleted by the research team. All personal data on group level will be kept on secure and
encrypted university storage and will not be shared with third parties under any circumstances.
If the data will be made public in any way, all personal information will be completely
anonymized. *
I have read and understand the above text and agree to participate in this study.

Fig. 6. S1.1 - Section A
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Identification Code
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4. What

By using a pseudonym, we can connect your experiences to the other surveys you fill(ed) in while ensuring that you
remain anonymous. Please remember your code as you will be asked to fill it in at the beginning of each survey. The
code consists of the first three letters of your mother’s name and the last three numbers of your mobile phone
number. For example, if your mother's name is "Maria" and your mobile phone number is 06-XXXXX810, your code is
"MAR810".
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2. Please fill in the first three letters of your mother’s name. *

Pr

Ot

3. Please fill in the last three numbers of your mobile phone number. *

5. What

Un
The value must be a number

21

31
Fig. 7. S1.1 - Section B
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6. What
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7. What

Numbe
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4. What is your job type? (If you are in doubt, please use the option "Other".)

t you
ey. The
e
code is

Administrative
Technical
Managerial
Professional

Other

5. What is your age group?
Under 21
21-30
31-40
41-50
51-60
61-70
Over 71

Fig. 8. S1.1 - Section C.1

6. What is your gender? (Should you wish to self-describe, please use the option "Other".) *
Female
Male
Prefer not to say

Other

7. What is your height in centimeters?

Number must be between 0 ~ 250

1/1/2021

8. What is your weight in kilograms?
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Over 71
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6. What is your gender? (Should you wish to self-describe, please use the option "Other".) *
Female
Male
Prefer not to say

Other

7. What is your height?

1/1/2021

8. What is your weight?

Fig. 9. S1.1 - Section C.2
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This section contains phrases describing people's behaviors. Please use the rating scale next to each phrase to describe
how accurately each statement describes you. Describe yourself as you generally are now, not as you wish to be in the
future. Describe yourself as you honestly see yourself, in relation to other people you know of the same sex as you are,
and roughly your same age. So that you can describe yourself in an honest manner, your responses will be kept in
absolute confidence. Please read each statement carefully, and then click the circle that corresponds to the accuracy of
the statement.

9. How well do the following statements describe your personality? As an individual, I ...

Very Inaccurate

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate

Often feel blue.
Rarely get irritated.
Dislike myself.
Seldom feel blue.
Am often down in the
dumps.
Feel comfortable with
myself.
Have frequent mood
swings.
Am not easily bothered
by things.
Panic easily.
Am very pleased with
myself.
Feel comfortable
around people.
Have little to say.
Make friends easily.
Keep in the
background.
Am skilled in handling
social situations.

10. (Continued) As an individual, I ...

Fig. 10. S1.1 - Section D.1

Very Inaccurate

1/1/2021
Would describe my
experiences as
somewhat dull.
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Am skilled in handling
social situations.
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10. (Continued) As an individual, I ...

Very Inaccurate

1/1/2021
Would describe my
experiences as
somewhat dull.
Am the life of the party.
Don't like to draw
attention to myself.
Know how to captivate
people.
Don't talk a lot.
Believe in the
importance of art.
Am not interested in
abstract ideas.
Have a vivid
imagination.
Do not like art.
Tend to vote for liberal
political candidates.
Avoid philosophical
discussions.
Carry the conversation
to a higher level.
Do not enjoy going to
art museums.
Enjoy hearing new
ideas.
Tend to vote for
conservative political
candidates.

Fig. 11. S1.1 - Section D.2
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Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate
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This section contains phrases describing people's behaviors in the workplace. Please use the rating scale next to each
phrase to describe how accurately each statement describes you. Describe yourself as you generally are now, not as
you wish to be in the future. Describe yourself as you honestly see yourself, in relation to your colleagues.
For additional clarity, some definitions are provided:
Thermal discomfort - The feeling of being too hot or too cold.
Thermal comfort - The absence of thermal discomfort.
Thermal environment - Surrounding factors which may cause discomfort. Examples include room temperature, window
blinds and ceiling fans.

11. (Continued) As an individual, I ...

Very Inaccurate
Can succeed in getting
my thermal
environment under
control, if I try hard
enough.
Cannot keep the
necessary serenity if I
feel thermal discomfort.
Can maintain thermal
comfort regardless of
the outdoor conditions,
if I invest the necessary
effort.
Cannot enforce
changes to the thermal
environment against
skeptical colleagues.
Know how to handle
unpredictable
temperatures due to
my resourcefulness.
Cannot contribute to
the improvement of
thermal conditions for
all colleagues.
Know that I can talk
about my thermal
preferences in the room
with my colleagues.
Cannot address
extreme temperatures
efficiently.
1/1/2021

Can usually tackle
thermal discomfort by
implementing creative
solutions.
Usually struggle to
come up with a
solution to my thermal
dissatisfaction.

Fig. 12. S1.1 - Section E
1/1/2021

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate
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Thank you for your contribution and please keep an eye out for the follow-up questionnaire via
email!
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12. You have reached the end of the questionnaire. If you have any questions or remarks, do not
hesitate to leave them below or contact Eugene Mamulova at e.mamulova@student.tue.nl.
Thank you for your contribution and please keep an eye out for the follow-up questionnaire via
email!

This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms
Fig. 13. S1.1 - Section F

1/1/2021

1/1/2021

71

Work Package IV

Eindhoven University of Technology - Master Thesis

B. S1.1 PRE-VALIDATION

Survey S1.1 (Pre-Validation)
Welcome!
This survey has been developed as part of the master thesis of Eugene Mamulova, at the Eindhoven University
of Technology. The aim of her research is to understand how personal factors (e.g. personality, mood) and
surrounding factors (e.g. office layout, occupancy, indoor climate) influence the thermal comfort of office
employees. We would be very pleased if you could allocate approximately 10 minutes to complete this survey.
The information you choose to provide will be treated with anonymity.
The survey consists of two questionnaires. Upon submission of this questionnaire, you will be prompted to
complete the follow-up questionnaire. You will receive an email, inviting you to do so at random times during
work hours.
Have a nice day and thank you for taking the time to participate in this survey.

* Required

Privacy Statement (General Data Protection Regulation - GDPR)
1. I declare that I am participating voluntarily in this study and that I am aware that at any point in
time I have the right to quit the survey or withdraw my data without the need of any motivation.
The purpose and aim of the study are made clear to me. My retrieved data will be aggregated
to group level, evaluated and published for scientific purposes, such as research papers or
scientific follow-up research. When the research process is completed, my individual records will
be deleted by the research team. All personal data on group level will be kept on secure and
encrypted university storage and will not be shared with third parties under any circumstances.
If the data will be made public in any way, all personal information will be completely
anonymized. *
I have read and understand the above text and agree to participate in this study.

Fig. 14. S1.1 - Section A
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Identification Code
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4. What

By using a pseudonym, we can connect your experiences to the other surveys you fill(ed) in while ensuring that you
remain anonymous. Please remember your code as you will be asked to fill it in at the beginning of each survey. The
code consists of the first three letters of your mother’s name and the last three numbers of your mobile phone
number. For example, if your mother's name is "Maria" and your mobile phone number is 06-XXXXX810, your code is
"MAR810".

Ad
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M

2. Please fill in the first three letters of your mother’s name. *

Pr

Ot

3. Please fill in the last three numbers of your mobile phone number. *

5. What

Un
The value must be a number

21

31
Fig. 15. S1.1 - Section B
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6. What
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7. What

Numbe
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4. What is your job type? (If you are in doubt, please use the option "Other".)

t you
ey. The
e
code is

Administrative
Technical
Managerial
Professional

Other

5. What is your age group?
Under 21
21-30
31-40
41-50
51-60
61-70
Over 71

6. What is your gender? (Should you wish to self-describe, please use the option "Other".) *

Fig. 16. S1.1 - Section C.1

Female
Male
Prefer not to say

Other

7. What is your height in centimeters?

Number must be between 0 ~ 250

1/1/2021

8. What is your weight in kilograms?
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61-70
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6. What is your gender? (Should you wish to self-describe, please use the option "Other".) *
Female
Male
Prefer not to say

Other

7. What is your height in centimeters?

Number must be between 0 ~ 250

1/1/2021

8. What is your weight in kilograms?

Number must be between 0 ~ 400

Fig. 17. S1.1 - Section C.2
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9. How well do the following statements describe your personality? As an individual, I ...

Very Inaccurate

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate

Often feel blue.
Rarely get irritated.
Dislike myself.
Seldom feel blue.
Am often down in the
dumps.
Feel comfortable with
myself.
Have frequent mood
swings.
Am not easily bothered
by things.
Panic easily.
Am very pleased with
myself.
Feel comfortable
around people.
Have little to say.
Make friends easily.
Keep in the
background.
Am skilled in handling
social situations.

10. (Continued) As an individual, I ...

Fig. 18. S1.1 - Section D.1

Very Inaccurate
Would describe my
experiences as
somewhat dull.

1/1/2021
Am the life of the party.
Don't like to draw
attention to myself.
Know how to captivate
people.
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Am skilled in handling
social situations.
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10. (Continued) As an individual, I ...

Very Inaccurate
Would describe my
experiences as
somewhat dull.

1/1/2021
Am the life of the party.
Don't like to draw
attention to myself.
Know how to captivate
people.
Don't talk a lot.
Believe in the
importance of art.
Am not interested in
abstract ideas.
Have a vivid
imagination.
Do not like art.
Tend to vote for liberal
political candidates.
Avoid philosophical
discussions.
Carry the conversation
to a higher level.
Do not enjoy going to
art museums.
Enjoy hearing new
ideas.
Tend to vote for
conservative political
candidates.

Fig. 19. S1.1 - Section D.2
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Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate
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11. (Continued) As an individual, I ...

Very Inaccurate
Can succeed in getting
my thermal
environment under
control, if I try hard
enough.
Cannot keep the
necessary serenity if I
feel thermal discomfort.
Can maintain thermal
comfort regardless of
the outdoor conditions,
if I invest the necessary
effort.
Cannot enforce
changes to the thermal
environment against
skeptical colleagues.
Know how to handle
unpredictable
temperatures due to
my resourcefulness.
Cannot contribute to
the improvement of
thermal conditions for
all colleagues.
Know that I can talk
about my thermal
preferences in the room
with my colleagues.
Cannot address
extreme temperatures
efficiently.
Can usually tackle
thermal discomfort by
implementing creative
solutions.
Usually struggle to
come up with a
solution to my thermal
dissatisfaction.

Fig. 20. S1.11/1/2021
- Section E

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

Moderately
Accurate

Very Accurate
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Thank you for your contribution and please keep an eye out for the follow-up questionnaire via
email!
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12. You have reached the end of the questionnaire. If you have any questions or remarks, do not
hesitate to leave them below or contact Eugene Mamulova at e.mamulova@student.tue.nl.
Thank you for your contribution and please keep an eye out for the follow-up questionnaire via
email!

This content is neither created nor endorsed by Microsoft. The data you submit will be sent to the form owner.

Microsoft Forms
Fig. 21. S1.1 - Section F
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C. S1.2 PRE-VALIDATION

Survey S1.2 (Pre-Validation)
Welcome back!
The aim of this questionnaire is to assess your current experience regarding the thermal environment. Your
response will be analyzed in combination with measured sensor data. We would be very pleased if you could
allocate approximately 5 minutes to complete this questionnaire. All information will be treated with anonymity.
Have a nice day and thank you for taking the time to participate in this survey.

* Required

Identification Code
By using a pseudonym, we can connect your experiences to the other surveys you fill(ed) in while ensuring
anonymity. Please remember your code as you will be asked to fill in this code at the beginning of each survey.
The code consists of the first three letters of your mother’s name and the last two numbers of your mobile
phone number. For example, if your mother's name is "Maria" and your mobile phone number is 06-XXXXX810,
your code is "MAR810".

1

Please fill in the first three letters of your mother’s name. *

2

Please fill in the last three numbers of your mobile phone number. *

The value must be a number

Fig. 22. S1.2 - Section A
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General Information
3

Please indicate your current location.

01
02
03
04
08
12
13
14
15
16
21
23
40
41
I don't know

1/1/2021

Fig. 23. S1.2 - Section B.1

4

At what time did you arrive at your current location? (Example: 1831)
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I don't know
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1/1/2021

4

At what time did you arrive at your current location? (Example: 1831)

The value must be a number

5

At what time did you enter the building? (Example: 1831)

The value must be a number

6

How many people are currently in the room, including yourself?

The value must be a number

Fig. 24. S1.2 - Section B.2

1/1/2021
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Using the list below, please check each item of clothing that you are wearing
right now. (Check all that apply. If you are in doubt, please use the option "Other".)
7

Top
Shirt
Long-sleeved shirt
Sweater/blazer
Dress
Trousers
Skirt
Jacket
Open shoes

Using the list below, please check each item of clothing that you are wearing
right now.
(Check all that apply. If you are in doubt, please use the option "Other".)
Shoes
Top
Shirt

Boots
Scarf

Long-sleeved shirt
Other
Sweater/blazer
Fig. 25. S1.2 - Section B.2

8

What is your activity level right now? (Check the one that is most appropriate.)
1/1/2021
Reclining
Seated
Standing relaxed
Light activity standing
Medium activity standing
High activity

Fig. 26. S1.2 - Section B.3
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High activity
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9

Please use the visual scale and indicate your current state (1 = unhappy - 9 = happy).

1

2

3

4

5

6

7

8

9

10

Please use the visual scale and indicate your current state (1 = calm- 9 = excited).

1

2

3

4

5

6

7

8

9

1/1/2021

11

Please use the visual scale and indicate how you currently feel (1 = controlled- 9 = in control).

1

Fig. 27. S1.2 - Section B.4

2

3

4

5

6

7

8

9
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Air qua
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14

Thermal Environment

How w
appro

For additional clarity, some definitions are provided:
Thermal discomfort - The feeling of being too hot or too cold.
Thermal comfort - The absence of thermal discomfort.
Thermal environment - Surrounding factors which may cause discomfort. Examples include room temperature,
window blinds and ceiling fans.

12

What is your general thermal sensation? (Check the one that is most appropriate)
1/1/2021
Hot

Warm

Slightly
warm

Neutral

Slightly cool

Cool

Cold

15

How d

13

How satisfied are you with the ... in your space? (Check the one that is most appropriate)

Very
satisfied

Satisfied

Slightly
satisfied

Neither
satisfied nor Slightly
Very
dissatisfied dissatisfied Dissatisfied dissatisfied

16

At the

Temperature
Lighting
Acoustics

I feel the
environm
my cont

Air quality

Fig. 28. S1.2 - Section C.1

14

17

How would you prefer the thermal environment to be now? (Check the one that is most
appropriate)

Much cooler

1/1/2021

Slightly cooler

No change

Slightly warmer

Much warmer

Please
you.)

Air quality
Work Package IV
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14

How would you prefer the thermal environment to be now? (Check the one that is most
appropriate)

ure,

Much cooler

1/1/2021
Cold

Slightly cooler

No change

Slightly warmer

Much warmer

15

How do you find the current thermal conditions? (Check the one that is most appropriate)

Comfortable

Slightly
comfortable

Uncomfortable

Very
uncomfortable

Extremely
uncomfortable

Moderately
Accurate

Very Accurate

)
16

Very
ssatisfied

At the moment... (Check the one that is most appropriate)

Very Inaccurate

Moderately
Inaccurate

Neither
Inaccurate nor
Accurate

I feel the thermal
environment is under
my control.

Fig. 29. S1.2 - Section C.2

17

Please describe the source of your current discomfort. (Skip this question if does not apply to
you.)
warmer

86

my control.
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17

Please describe the source of your current discomfort. (Skip this question if does not apply to
you.)

Fig. 30. S1.2 - Section D

1/1/2021
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Conclusive Discussion on Multi-Domain Thermal
Comfort in Office Buildings
This thesis aims to address scalability in multi-domain thermal comfort modelling. The first part of the thesis is a scoping review,
which collects 62 studies on thermal comfort in offices and examines the trends and limitations of the respective research outcomes.
Scalability is introduced as a qualitative measure of usability. Scalability is assessed using three indicators; scope, resolution and
portability. The review presents a detailed discussion on each of the aforementioned indicators. Several trends and limitations
define the subsequent research trajectory of the thesis. Key trends and limitations in multi-domain thermal comfort modelling are
summarized as follows:
Scope
1. The scope of existing thermal comfort studies is largely limited to physical variables that describe the indoor climate.
2. Social characteristics and psychological parameters are rarely studied, despite their apparent relevance to the topic.
3. The combined inclusion of physical, contextual, social and non-social variables is almost non-existent in multi-domain literature.
Experiment Resolution
1. Thermal comfort studies involving more than 500 participants are scarce.
Outcome Resolution
1. Less than 50% of existing literature includes interactions between different thermal comfort variables.
2. Interaction effects are mostly limited to laboratory studies.
1.
2.
3.
4.

Portability
Explanatory thermal comfort models may generate interesting results but they are rarely tested for their predictive potential.
Predictive models are included in approximately 15% of studies.
Thermal comfort survey design practices and may contribute to the lack of follow-up research.
Survey quality is questionable and the validity of existing questionnaires is uncertain.

In response to these findings, an explanatory model, a predictive model and a multi-domain survey are pursued in Parts II-IV of
the thesis, respectively. The models seek to address the gaps in the scope, resolution and portability of existing research outcomes.
The survey is a step towards making current survey practices more sustainable. The scalability diagrams constructed in Part I of the
thesis are used to demonstrate the outcome of the thermal comfort modelling phases described in Parts II and III. Figure 1 marks
the current modelling outcome, [O], in relation to existing outcomes. Similarly, the experiment resolution, outcome resolution and
portability of the current outcome are depicted in Figures 2-4. The articulation of the modelling outcome is unprecedented in current
literature, covering three physical variables, one social variable, two non-social variables and one contextual variables. The resolution
of the experiment is on par with other large-scale field studies. The resolution of the outcome falls under the rare combination of
interaction modelling using data collected in a field study. Finally, the portability of the outcome is characterized by the combined use
of explanatory and predictive modelling.
Broadening the research scope is expected to yield a better understanding of the contribution of the different domains on thermal
comfort. The expectation is fulfilled, as the SEM model A1 suggests that indoor temperature, sound pressure level, occupant
gregariousness and occupancy count exert a significant influence on occupant thermal comfort in offices during summer. It is also
expected that a wider scope results in better predictive performance. However, machine learning models B1-B4 are not able to
adequately distinguish between thermal comfort and discomfort during summer. The conclusion that is drawn from the poor model
performance is that significant variables are not always adequate predictors. Future researchers may need to consider both quantity
and quality in order to achieve better predictions.
The inclusion of interaction effects shows that physical, contextual and psychological factors do not always influence thermal
comfort directly and they do, in fact, moderate one another. The explanatory model A1 suggest that uncomfortably high indoor
temperatures decrease the effect that sound pressure level and illuminance would have had under comfortable conditions, and that
gregarious individuals may be more thermally comfortable than non-gregarious individuals when there are many occupants in the
room. The identified interaction effects are limited to the variables included in the study. Future research involving a larger number of
variables is likely to uncover a larger number of interactions that improve our understanding of thermal comfort and, possibly, our
predictive capabilities.
Finally, the combination of explanatory and predictive modelling, along with the inclusion of survey information, sets the research
outcome apart from most existing studies. Models A1 and B1-B4 demonstrate that explanatory and predictive modelling is capable
of generating distinct outcomes. However, the results also show that the academics in the field of thermal comfort should combine
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exploratory modelling and predictive modelling in a single framework, in order to test whether variables that are relevant to the
domain are useful for prediction and vice versa.
The modelling outcomes are subject to numerous limitations which are discussed in Parts II and III. Two major limitations are
discussed here. Firstly, despite the inclusion of all four domains, many prominent variables that are supported in existing literature
are excluded, either due to lack of availability or due to modelling constraints. Secondly, the quality of the subjective measurements
related to thermal comfort and occupant personality is invalid. Both limitations are addressed in Part IV of the thesis, via the design of
a survey prototype for conducting measurements for multi-domain thermal comfort research in the field.
STUDY OUTCOME SCOPE

LEGEND

6 ARTICLES

CONTROL
Yes No

39

23

PHYSICAL
0

1

2+

2

11

2

10

8

29

SOCIAL
0

1

2+

3

8

4

4

6

4

21

4

NON-SOCIAL
0

1

2+

3

5

CONTEXTUAL

[66]

17

[28,40]

[21,78]

[36]

[80]

[10,22]

[44]

[41]

12

0

3

[7,9,14,
17,24,31,
32,35,38,
65,67,74] [8,34,84]

3

[33]

[30] [39]

[46]

[59]

[70]

3

1
[76,79] [57,63]

[75]

[47,49,51]

[42]

[O]

[62,81]

[54]

[50]

[53,79]

[6,20,23,48]

[42,43,58]

2+
[55]

[37]

[39,90]

[88]

[29]

[72]

Fig. 1. Scope of existing study outcomes, including the modelling outcomes A1 and B1-B4.

EXPERIMENT RESOLUTION

LEGEND

62 ARTICLES

PARTICIPANTS
1-10

11-500

501+

7

48

7

EXPOSURE
< 60 min

>= 60 min

7

8

40

3

11

7

WITHIN/BETWEEN
within

between
5

2

5

29

7

FULL-FACTORIAL
yes
no
5

BUILDINGS

2

5

[31,43,68,
70]

[72]

[23]

[75]

1

3

[29,30,33,
44,74]

11

[26,28,34,37,
38,39,41,52,
55,57,79]
[40,60,61]

11

7

18

[24,25,35,42,
53,59,64,
65,78,81]

[27,46,49,50,
51,63,67,71,
77,80,82]

[69]

[45,56,73,84]

[O]

2-9
10+
[48,58,66]

Fig. 2. Resolution of existing experiments, including the experimental protocol for A1 and B1-B4.

[32,36,47,54,76,83]
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Part IV involves the design of a thermal comfort survey which consists of a one-time questionnaire and a right-here-right-now
questionnaire, intended for field measurements. It is comprised of 70 items which measure an extensive number of variables that
are included in existing literature. Most of the items are taken from existing studies. The survey aims to incentivize researchers to
make use of existing surveys and it is open for use and modification. The design process is communicated in detail in order to allow
researchers to assess the quality of its contents. However, the validity of the existing items is not always known and extensive research
into existing survey methods is necessary in order to ensure that existing scales do, in fact, measure what they are intended to measure.

STUDY OUTCOME RESOLUTION

LEGEND

63 ARTICLES

EFFECTS
Interaction
No interaction
29

34

INDEPENDENT
Discrete
Continuous
22

7

9

5

21

13

DEPENDENT
Discrete
Continuous
13

DEPENDENT

[24,33,78]

[23,28]

11

[80][O]

[32,46,52,63,
66,69,70,
75,79,83]

[11,44,62,
52,81,82]

[68]

4

17

1
[51]

[38,39,41,42, [26,29,30,35,73][47,54,77]
55,57,59]

2-4

[37,53,60,
61,74]

[27]

[43,48,49,50,
56,58,71]

[67,76,84]

5+
[25,40,64]

[45]

[34,65]

[36]

Fig. 3. Resolution of existing study outcomes, including the modelling outcomes A1 and B1-B4.

LEGEND

STUDY OUTCOME PORTABILITY
62 ARTICLES

TYPE OF STUDY
Office lab
Neutral lab
Office field

11

26

25

EXPLANATORY MODEL
Statistical
Other

11

25

3

23

PREDICTIVE MODEL
Yes
No
SURVEY

22

10
[26,39,65,
77,82]

[43]

Available

18

[34,40,53,59,61,64,74,78]

5

[36,47,50,54,
63,66,75,84]

[O][76]

[48] [24,27,56,58,69,
71,72,73,80,83]

[32,45,
49]

[46]

Unavailable

[41,42,51,67,79]

[23,25,29,30,31,35,37,38,52,55,57,60,68,70,81]

Fig. 4. Portability of existing study outcomes, including the modelling outcomes A1 and B1-B4.

[33,44]

[62]
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