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Abstract

This study explores the relationship between occupant satisfaction, thermal comfort
evaluation, and data privacy in smart buildings, using KTH’s Undervisningshuset as a
case study. It addresses two main goals, (1) developing a General Data Protection
Regulation (GDPR) compliant framework for collecting user feedback on indoor
comfort, and (2) assessing thermal comfort through calibrated simulations in IDA ICE
using Environmental Management and Control System (EMCS) data. A mixed-methods
approach was used, combining privacy risk mapping and mitigation strategies for survey
design with building performance simulations. Privacy analysis identified key risks in
survey data such as direct identifiers and open-ended responses and matched them with
suitable protection techniques like anonymization, pseudonymization, and differential
privacy. The simulation component showed that most rooms maintained acceptable
comfort levels (PMV within +0.5 and PPD below 10%), though perimeter zones showed
minor discomfort during extreme seasons. The findings suggest that combining privacy
aware occupant feedback with validated simulations can support both regulatory
compliance and improved building operation. This framework can be extended to other
indoor environmental quality (IEQ) aspects, such as air quality and acoustics,
contributing to more user centered and sustainable building design.

Key words: GDPR, Thermal Comfort, Predicted Mean Vote (PMV), Predicted Percentage
Dissatisfied (PPD), IDA ICE Simulation, Energy Management and Control System
(EMCS)



Sammanfattning

Denna studie undersoker sambandet mellan brukartillfredsstillelse, utvardering av
termisk komfort och dataskydd i smarta byggnader, med KTH:s Undervisningshuset
som fallstudie. Studien har tva huvudsakliga mal: (1) att utveckla en
datainsamlingsmetod for brukares upplevelse av inomhuskomfort som foljer EU:s
dataskyddsforordning (GDPR), samt (2) att bedoma termisk komfort genom kalibrerade
simuleringar i IDA ICE baserade pa data fran byggnadens styr- och 6vervakningssystem
(EMCS).

En blandad metodansats har anvants, dar kartlaggning av integritetsrisker och
tillhorande atgarder for enkatdesign kombineras med prestandasimuleringar av
byggnaden. Integritetsanalysen identifierade nyckelrisker i enkéatdata, sisom direkta
identifierare och fritextsvar, och matchade dessa med skyddsatgarder som
anonymisering, pseudonymisering och differentierad integritet.

Simuleringsdelen visade att de flesta rum holl godtagbara komfortnivaer (PMV inom
+0,5 och PPD under 10 %), men att rum med fasadexponering uppvisade viss obehag
under extremt kalla eller varma perioder.

Resultaten visar att kombinationen av integritetssiakrad feedback fran anvindare och
validerade simuleringar kan stodja bade regulatorisk efterlevnad och forbattrad drift av
byggnader. Det foreslagna ramverket kan dven tillampas pa andra aspekter av
inomhusmiljon, sdsom luftkvalitet och akustik, vilket bidrar till en mer
anvandarcentrerad och héllbar byggnadsutformning.

Nyckelord: GDPR, Termisk komfort, Predicted Mean Vote (PMV), Predicted
Percentage Dissatisfied (PPD), IDA ICE-simulering, Styr- och 6vervakningssystem
(EMCS)
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1. Introduction
1.1 Background

Smart buildings, such as KTH's "Undervisningshuset," are equipped with advanced
Building Management Systems (BMS) and Energy Management and Control Systems
(EMCS) that continuously monitor environmental parameters such as temperature,
humidity, and COz2 levels in operational spaces as well as the HVAC and related systems.
These systems are designed to optimize energy efficiency and maintain comfortable
indoor conditions. However, a significant limitation exists, studies have shown that
there can be notable gaps between system control and actual occupant satisfaction,
posing a challenge for building operators seeking to align technical performance with
occupant comfort (Al Mughairi et al., 2023).

In recent years, data driven building models have emerged as a promising approach to
enhance building performance. By leveraging real time data from EMCS, these models
can predict and optimize indoor environmental conditions, ensuring that buildings
operate efficiently while maintaining occupant comfort (G et al., 2024). However, the
integration of occupant feedback into these models is often constrained by the European
Union’s General Data Protection Regulation (GDPR), which limits the collection and
processing of personal data. This creates a need for GDPR compliant methods to assess
occupant satisfaction and integrate it into data-driven building models (Harper et al.,
2021).

1.2 Aims and Objectives

While EMCS data provides objective measurements of environmental conditions, it does
not directly capture occupant satisfaction. Traditional methods of assessing user
comfort, such as surveys and direct interaction, are often impractical due to GDPR
constraints.(Al Mughairi et al., 2023; Harper et al., 2021) This creates a gap in
understanding how well sensor measured parameters align with occupant comfort
levels. To address this, there is a need for GDPR compliant methods that can evaluate
occupant satisfaction without compromising data privacy.

A data driven building model can play a crucial role in bridging this gap. By integrating
EMCS data with GDPR compliant methods for assessing occupant satisfaction, such as
anonymized or pseudonymized data collection, building operators can develop models
that accurately predict and optimize indoor environmental conditions (Monteiro et al.,
2024). These models can then be used to identify discrepancies between sensor

measured parameters and occupant comfort levels, enabling targeted improvements in



building performance. However, the challenge lies in developing a framework that
ensures GDPR compliance while maintaining the accuracy and reliability of the model.

The primary objective of this study is evaluating Improvement of building operation and
performance in KTH's "Undervisningshuset" by enhancing the interaction between
users and the building. The research will focus on developing a GDPR compliant
framework for assessing occupant satisfaction and evaluating thermal comfort values
using an IDA ICE simulation model. The following listed objectives will be evaluated in
support of this primary goal.

Research Questions:

1. What are the challenges and limitations of assessing occupant satisfaction in
compliance with GDPR regulations, and how can these be addressed through GDPR
compliance data collection methods?

2. How can EMCS data be used to calibrate the IDA ICE model and ensure accurate
predictions of thermal comfort?

3. How can an IDA ICE simulation model be used to evaluate thermal comfort in
Undervisningshuset by analyzing PMV (Predicted Mean Vote) and PPD (Predicted
Percentage of Dissatisfied) values?

4. What operational adjustments can be made to improve thermal comfort and energy
efficiency in Undervisningshuset based on PMV (Predicted Mean Vote) and PPD
(Predicted Percentage of Dissatisfied) analysis?

1.3 Educational Building

Undervisningshuset, also known as The Educational Building or U-house, is a modern
university building located at Brinellviagen 28A, KTH Campus Valhallavigen,
Stockholm. The building was designed by Christensen & Co Arkitekter and is owned by
Akademiska Hus, a Swedish government owned property company specializing in
academic facilities. The building has a total floor area of approximately 2,500—3,000 m2
and is primarily used by the School of Architecture and the Built Environment at KTH
Royal Institute of Technology (The Teaching House, 2024).

The Undervisningshuset was designed not only as a functional space for education and
research but also as a pedagogical tool, with visible technical installations and exposed
structural elements that allow students to learn directly from the building itself. This
aligns with KTH’s vision of fostering a creative, sustainable, and vivid campus
environment.



One of the defining features of the Educational Building is its integration into the KTH
Live-In Lab platform, which serves as a living testbed for smart building technologies,
sustainable solutions, and building performance studies (Live in Lab_2019). As part of
this initiative, the building is equipped with approximately 767 sensors that
continuously monitor parameters such as temperature, CO2 concentration, relative
humidity, air pressure, and energy consumption.

The real time data from these sensors is managed through the building’s Energy
Management and Control Systems (EMCS), which is accessible via the Styrportalen
online platform. Styrportalen, operated by Nordomatic, allows users to visualize,
analyze, and export sensor data, providing an interactive and user-friendly interface for
researchers, and facility managers. This makes it a unique and valuable tool for
investigating the building’s indoor environment, including thermal comfort, indoor air
quality, and energy performance.

Furthermore, the U-house has been certified with the highest rating (Gold) in the
Swedish environmental certification system Miljobyggnad, which evaluates criteria
related to energy use, indoor environmental quality, and sustainable materials (Sweden
Green Building Council, n.d.). Despite such certifications, research indicates that
certified buildings do not always guarantee superior indoor environmental quality
compared to non-certified buildings, making continuous monitoring and evaluation
essential (Schiavon & Altomonte, 2014).

1.4 Outline of Thesis

This study investigates the intersection of occupant satisfaction, thermal comfort
evaluation, and data privacy to enhance building performance in smart environments,
using KTH’s Undervisningshuset as a case study. Chapter 1 introduces the research
background, emphasizing the gap between EMCS data and actual occupant experience,
and outlines the dual objectives of the study, developing a GDPR compliant feedback
framework and conducting simulation based thermal comfort analysis. Chapter 2
provides a comprehensive literature review covering key thermal comfort theories,
GDPR regulations related to building data, privacy preserving data collection methods,
and prior studies on indoor environmental quality (IEQ) in educational buildings. In the
methodology chapter 3 describes the mixed methods approach, detailing the
development of a privacy aware questionnaire, risk mapping and mitigation strategies,
as well as IDA ICE simulation procedures including model calibration using EMCS data
and assumptions of the study. Chapter 4 presents the results, including a privacy risk
mitigation matrix and seasonal comfort indicators such as PMV, PPD, and operative
temperature across selected zones. Chapter 5 discusses the findings by evaluating
privacy tradeoffs, limitations of simulation assumptions, and system performance, while



proposing areas for future research. Finally, summarizes the main contributions and
provides practical recommendations for combining user centric design with GDPR
compliant data practices to optimize both comfort and energy performance in smart
buildings.



2. Literature Review

Literature Review on Building Management Systems, Sensor Technologies, and Indoor
Environmental Quality

2.1 Thermal Comfort Theory and Assessment Models

Thermal comfort in indoor environments is a complex phenomenon influenced by
various parameters, including operative temperature, mean radiant temperature (MRT),
humidity, and air velocity. Fanger's PMV (Predicted Mean Vote) and PPD (Predicted
Percentage of Dissatisfied) models are pivotal in quantifying thermal comfort. These
models utilize operative temperature, which is a combined measure of air temperature
and MRT, to predict occupants' thermal sensations and dissatisfaction levels in an
environment (Aviv et al., 2023; Dogan et al., 2023). Additionally, adaptive thermal
comfort models, such as EN 16798-1 and ASHRAE 55, recognize the dynamic nature of
human comfort concerning different indoor and seasonal conditions, allowing for a
more flexible assessment method of thermal comfort that considers human adaptability
(Bluyssen et al., 2011; Kalmar & Kalmar, 2014).

The operative temperature, which integrates the effects of both air and mean radiant
temperatures both critical in shaping the perceived comfort level among occupants
(Aviv et al., 2023). The mean radiant temperature (MRT) is crucial, as it represents the
average temperature of all the surfaces surrounding a person and thereby impacts the
thermal exchange between the individual and their environment. Different
methodologies exist for calculating MRT in indoor situations, such as globe
thermometer emphasizing the necessity of accurate assessments to inform comfort
predictions. For example, various field studies have demonstrated that the MRT can
significantly influence occupants' comfort evaluations, with adjustments to room
geometry and surface temperatures showing marked effects on sensations of thermal
comfort (Khamporn & Chaiyapinunt, 2014; Sui & Zhang, 2016).

Air temperature plays a vital role in thermal perception, as it directly impacts the
comfort of users, particularly in educational spaces where typical metabolic rates (Met)
are correlated with activity levels of occupants as per the study by Aviv et al., 2023.
Relative humidity is another critical factor, with studies highlighting how elevated
humidity levels can exacerbate discomfort and dissatisfaction, leading to a synergy
between moisture in the air and thermal sensations experienced by occupants (Bluyssen
et al., 2011; Silva et al., 2017). Furthermore, air velocity can cause local discomfort or
draught risk, particularly in spaces where low airflow might trap heat and lead to
significant discomfort among users (Sui et al., 2013; Sui & Zhang, 2016).



According to Swedish regulations and ASHRAE 55 standards, recommended ranges for
indoor comfort are: operative temperature between 20—24°C for healthy buildings, air
velocity below 0.15 m/s in winter and 0.25 m/s in summer, and relative humidity
maintained between 30—70% (with a maximum of 75%). (ASHRAE Standard 55-2010,
n.d.; Boverket, 2025) Additionally, achieving a PMV between -0.5 and +0.5 with a PPD
of <10% ensures thermal conditions are acceptable for most occupants (Fanger, 1970).
These benchmarks provide a scientifically validated foundation for designing and
evaluating comfortable and sustainable indoor environments.

In educational settings, understanding Met values for different activities is crucial, as
they vary significantly for seated versus standing versus active tasks. For instance,
average Met values can range from 1.0 for seated tasks to 1.6 for light activities (Aviv et
al., 2023). Clothing insulation, expressed in Clo values, also varies seasonally,
necessitating estimates based on the clothing habits of occupants in varying climates to
ensure comprehensive assessments of thermal comfort (Kalmar & Kalmar, 2014; Sui et
al., 2013). Moreover, the behavior and preferences of occupants significantly influence
thermal perceptions, calling for an integrative analysis of subjective feedback and
objective sensor measurements to accurately gauge satisfaction (Bluyssen et al., 2011;
Silva et al., 2017).

Field studies employing Post Occupancy Evaluation (POE) methodologies have become
essential for understanding occupant satisfaction. These methodologies compare
subjective survey results with objective data from thermal comfort indices like AMYV,
PMV and PPD (Qin et al., 2021; Sui et al., 2013). In doing so, researchers can map
discomfort zones using various visualization tools, including heatmaps and contour
plots, which intelligently reveal the spatial and temporal patterns of thermal comfort
based on real time data (Qin et al., 2021; Sui & Zhang, 2016). This evidence-based
approach to assessing thermal comfort improves the accuracy of predictions and helps
design indoor environments that support occupant well-being, as shown in recent
research.

2.2 Data Privacy and GDPR Regulations for Building Data

To assess the thermal comfort of occupants, it is often necessary to collect data such as
individual feedback, activity levels, or clothing preferences (ASHRAE Standard 55-
2010, n.d.; Djongyang et al., 2010). This type of information can be considered personal
data, as it may reveal identifiable or sensitive details about individuals (Regulation -
2016/679 - EN - GDPR - EUR-Lex, n.d.). As a result, such data collection is subject to
privacy regulations under the General Data Protection Regulation (GDPR), which
governs how personal information can be gathered, stored, and used within the EU
(Data Protection | European Data Protection Supervisor, 2025).Therefore, compliance



with GDPR is essential to ensure that occupants’ privacy is protected during thermal
comfort studies.

The General Data Protection Regulation is a comprehensive legal framework established
by the European Union (EU) that governs data protection and privacy for individuals
within the EU and European Economic Area. GDPR emphasizes that personal data must
be collected and processed lawfully, transparently, and for specific purposes.
Organizations involved in data collection must ensure that data is used ethically, which
has significant implications for academic and research contexts, particularly when
gathering occupant feedback in smart buildings. The GDPR mandates that data
collection must prioritize user consent and transparency, influencing how data on
indoor environmental quality and comfort is gathered and handled (Fissore et al.,
2023).

2.2.1 GDPR Compliant Methods for Collecting Occupant Feedback

To comply with the GDPR, researchers and building operators must implement privacy-
preserving techniques that protect individual identities while retaining the utility of the
collected data. The following methods can be used to fulfill this requirement.

Anonymization involves removing personal identifiers to ensure that individuals
cannot be readily identified from the data. This includes eliminating names, user IDs,
and device identifiers, making it impossible to link data back to individual users.
Anonymized datasets can represent general trends in thermal comfort across a building
without retaining links to respondents. Effective anonymization techniques can render
data outside the scope of GDPR provisions, a significant advantage for researchers
(Murthy et al., 2019). However, once data has been anonymized, it is irreversible,
meaning that original identities cannot be reclaimed even if needed for future research
purposes (Monteiro et al., 2024). The complexity of effectively anonymizing data
emphasizes the need for robust methodologies, as outlined by studies detailing various
approaches to anonymization (Marques & Bernardino, 2020; Sowmyarani C. N. et al.,
2021).

Pseudonymization, on the other hand, involves substituting personal identifiers with
fictitious values (pseudonyms) while maintaining a controlled linkage to the original
identifiers stored securely elsewhere. This method is particularly beneficial for analyzing
individual level patterns over time without compromising user identities. Even though
pseudonymized data still falls under GDPR definitions as personal data, it allows
researchers to perform meaningful analyses (Qamar et al., 2020). The balance struck by
pseudonymization enables certain longitudinal studies while adhering to privacy laws,
essentially allowing for both privacy and utility (Pekoz, 2019).



Differential Privacy offers another layer of protection by introducing statistical noise
into datasets, thus protecting the identity of individuals while allowing for general
conclusions to be drawn from the data. This method ensures that the output of analyses
does not reveal sensitive information about specific entries, which is critical in contexts
like thermal comfort assessments, where individual responses might otherwise be easily
traced back to specific users (Arca & Hewett, 2021; Zhu et al., 2015).

Data Aggregation integrates individual responses into broader categories, effectively
masking individual identities. For instance, instead of analyzing individual ratings,
researchers might present average thermal comfort ratings for all occupants in a
particular zone or during a specific time frame. By focusing on aggregate data, this
strategy enhances privacy protection while also aligning with the analytic needs for
energy optimization and space utilization studies—vital components of smart building
management (Monteiro et al., 2024; Sowmyarani C. N. et al., 2021).

Automated Redaction is particularly invaluable in handling unstructured data, such
as open-ended survey comments where users might inadvertently share personal
details. Using algorithms, researchers can automatically scan responses and redact
identifiable information before further processing, thereby maintaining compliance with
GDPR while gathering insights from potentially valuable qualitative data (Marques &
Bernardino, 2020; Pekoz, 2019).

Response Generalization serves to reduce the detail of data collected to further
minimize the risk of reidentifying individuals. This could involve categorizing exact
timestamps into broader time slots or indicating general locations instead of precise
GPS coordinates. This technique helps keep useful insights while reducing privacy risks
from highly detailed data. (El Ouazzani & El Bakkali, 2022; Wang et al., 2017).

Finally, Data Minimization Principles, is a core component of GDPR insists that only
data necessary for a given purpose be collected and processed. In thermal comfort
assessments, this entails limiting the data fields to those directly relevant to comfort
analysis and employing structured responses instead of open text inputs (Qamar et al.,
2020). By getting clear user consent and using session-based IDs, researchers can
protect privacy while still collecting important data.

2.3 Simulation study with sensor extracted data.

The evolution of building management systems (BMS) has significantly changed with
the integration of IoT and sensor technologies. Early BMS were limited in functionality,
primarily focusing on HVAC controls and energy management, but current systems
have evolved to encompass comprehensive monitoring capabilities for indoor
environmental parameters such as temperature, humidity, air quality, and occupant



detection through advanced sensor networks (Floris et al., 2021; Kidari & Tilioua,
2024). The integration of smart sensors enables real-time data analytics, providing a
cloud-based platform that allows for better occupant health management and comfort
(Floris et al., 2021; Ioannidis et al., 2017). BMS now utilize data modeling to enhance
monitoring reliability and prediction accuracy regarding indoor climate conditions
(Nguyen et al., 2017). Furthermore, the management of indoor environments has
benefited from the introduction of data visualization platforms that facilitate the
interpretation of complex datasets from a BMS.

Building on the capabilities of modern BMS, sensor technologies serve as the backbone
for monitoring Indoor Environmental Quality (IEQ), enabling real time insights into
comfort and health related parameters. (Fissore et al., 2024; Kidari & Tilioua, 2024).
Commonly utilized sensors include low-cost solutions that require calibration to ensure
data accuracy (Saputri & Lee, 2023). Issues with sensor data reliability, including sensor
drift and missing data, present challenges in building performance evaluations (Jiang et
al., 2023). Moreover, the data acquisition methods must also consider the challenges of
managing large networks of sensors while ensuring timely and reliable data
transmission to facilitate effective building management (Kidari & Tilioua, 2024).

Indoor Environmental Quality (IEQ), which encompasses factors such as thermal
comfort, indoor air quality (IAQ), acoustics, and lighting, plays a crucial role in
influencing occupant health, comfort, and productivity, particularly in educational
buildings. Research indicates that maintaining high standards of IEQ is directly
correlated with improved academic performance, thereby necessitating educational
institutions to adhere to rigorous guidelines set by organizations such as ASHRAE
(Aliakbari et al., 2022; Bortolini & Forcada, 2021).

Recent studies have highlighted the importance of IAQ within educational settings. For
instance, Aliakbari et al. examined the relationship between indoor air and light quality
in a university classroom, concluding that high IAQ can significantly enhance learning
environments (Aliakbari et al., 2022). Likewise, Khalil and Kamoona demonstrated how
poor indoor air conditions might adversely affect the immunity of occupants, thus
emphasizing that IAQ must be a priority for schools (Khalil & Kamoona, 2022). This
relationship between building characteristics and IEQ, particularly through post
occupancy evaluations, has been supported by Bortolini and Forcada, who noted that
the features of buildings should adequately serve the needs of occupants for optimal
health and performance outcomes(Bortolini & Forcada, 2021).

The connection between IEQ and educational performance has also been underscored
by the assessment of various studies that indicate thermal environments and IAQ issues
directly affect the overall learning experience in school facilities (Yau et al., 2018). In



alignment with this, Tahsildoost and Zomorodian conducted assessments that revealed
how thermal comfort, combined with other IEQ factors, contributes significantly to the
learning efficacy of students (Tahsildoost & Zomorodian, 2018). Moreover, the need for
adherence to guidelines such as those provided by ASHRAE is reinforced by studies
indicating that specific interventions or improvements in IEQ directly correspond with
increased student performance and lower absentee rates (Khalil & Kamoona, 2022).

Several certification systems, including Miljobyggnad, have been recognized for their
contribution to sustainable building practices, addressing both energy performance and
the provision of healthy indoor environments. The role of such standards is critical, as
they guide the implementation of systems that ensure occupant well-being through
effective IEQ management (Kidari & Tilioua, 2024; Xiangjun He, 2016). The advancing
technology surrounding intelligent building systems highlights the potential to assess
and optimize IEQ dynamically using continuous monitoring and predictive maintenance
strategies (Jiang et al., 2023) .

Despite the advancements in sensor technologies for monitoring building conditions,
significant challenges persist regarding data reliability and sensor integration across
diverse environments. The economic implications of deploying extensive sensor arrays
must be carefully balanced against the potential benefits to operational efficiency and
occupant comfort (Jiang et al., 2023; Noh et al., 2013). Furthermore, real time data
analytics face obstacles concerning sensor integration, data interpretation, and the
translation of findings into actionable measures for building improvement(Kidari &
Tilioua, 2024; Rolle et al., 2025).

Additionally, methods for addressing the nuances of data collection, including distinct
types of indoor climates and their unique sensory requirements, demonstrate the
ongoing research needs in the field. The development and application of predictive
models alongside robust fault detection algorithms will be crucial in advancing building
management systems and optimizing performance (Fissore et al., 2024).

In conclusion, integrating robust IEQ parameters across educational institutions is
paramount for enhancing student wellness and productivity. By adhering to established
standards and guidelines, and recognizing the significant impact of factors such as
thermal comfort and TAQ, schools can foster more conducive learning environments
that promote academic success and overall occupant health (Finell et al., 2018).
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3. Methodology
3.1 Research Design and Strategy

This research adopts a mixed method, two-part investigative strategy that integrates
theoretical exploration and empirical modeling to assess thermal comfort and user
satisfaction in KTH’s “Undervisningshuset”. The study critically assesses how GDPR
compliant data acquisition frameworks influence the ability to evaluate occupant
satisfaction parameters. Due to privacy related constraints that limit direct user
feedback or personal data use, the study adopts a simulation-based approach to
complement the assessment of thermal comfort of a public space.

Smart buildings increasingly rely on automated systems to optimize indoor climate
conditions, yet the lack of direct occupant feedback makes it difficult to assess whether
these environments truly support comfort and productivity. This research introduces a
novel approach by evaluating GDPR compliant alternatives to traditional feedback
mechanisms and leveraging simulation models to assess thermal comfort using
quantifiable indicators.

The two parts of the study are interdependent in that first part of the study examines
how GDPR compliant, privacy conscious data collection methods affect the ability to
assess user comfort, while the second part of the study uses simulation based modeling
to explore thermal comfort scenarios that cannot be fully evaluated through direct data
collection due to privacy constraints. Together, they offer a holistic understanding of
occupant comfort assessment under data protection limitations.

To address these challenges holistically, the study is structured into two complementary
dimensions and the strategy of the research can be elaborated as follows.

Part I - GDPR Compliant Strategies for Capturing Occupant Satisfaction

The first part of the study evaluates alternative methods for assessing occupant
satisfaction without violating GDPR restrictions. Traditional feedback mechanisms such
as digital surveys, interviews, and app based ratings often require processing personally
identifiable information, raising legal and ethical concerns in public and academic
buildings (Liu et al., 2019)

This section also assesses the legal and ethical feasibility of key techniques by reviewing
GDPR guidelines, prior implementations in building performance research, and ethical
considerations in human oriented design. The goal is to establish a sustainable
framework for collecting occupant feedback that balances data utility, regulatory
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compliance, and ethical standards ensuring applicability in future smart building
studies.

Part IT - Simulation-Based Comfort Evaluation Using EMCS data and IDA ICE

The second part of the study employs a quantitative, simulation driven approach to
evaluate thermal comfort using the IDA Indoor Climate and Energy (IDA ICE) platform,
combined with historical EMCS data extracted from Styrportalen (as analysis with real
time data collection was not feasible for this study). The objective is to assess whether
the simulated thermal comfort conditions align with ISO 7730 and ASHRAE 55
standards, particularly in terms of the Predicted Mean Vote (PMV) and Predicted
Percentage of Dissatisfied (PPD) indices.

3.2 Overview of Methodological Phases

This section presents the practical steps taken to achieve the two main goals of the
study, collecting user feedback in a GDPR compliant way for an occupant satisfactory
evaluation survey and assessing thermal comfort through energy modeling. Each phase
uses specific methods and criteria to ensure reliable and relevant results.

Phase 1: GDPR Compliant User Satisfaction Assessment

This study establishes a GDPR compliant framework for assessing occupant thermal
comfort, focusing on balancing data collection needs with privacy regulations and secure
data storage practices. Given time constraints, the scope is limited to thermal comfort
parameters only.

The process begins with identifying critical factors influencing thermal comfort
perception, categorized into environmental, behavioral, subjective, and contextual
factors, based on available standards. A preliminary survey structure is developed to
theoretically assess these aspects.

Subsequently, GDPR clause mapping is performed to identify legal obligations linked to
each survey question, distinguishing between personal and sensitive data types. A
critical risk analysis follows, evaluating the impact of each question on data privacy and
categorizing risks by severity and processing phase (collection or storage).

Finally, mitigation strategies are defined for both data collection and storage phases,
ensuring compliance with GDPR requirements. Then strategies are consolidated into a
generalized data handling framework for occupant comfort studies.
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Phase 2: Simulation-Based Thermal Comfort Modeling

This phase applies to a structured energy modeling workflow using IDA ICE, supported
by EMCS derived data, to assess indoor thermal comfort conditions.

1. Data Extraction and Preprocessing - Historical sensor data from occupied zones are
extracted from the EMCS. The data is then preprocessed through time synchronization,
noise filtering, and gap filling, while also accounting for HVAC system configurations,
seasonal operation modes, and spatial arrangements of monitored zones to ensure
contextual data quality.

2. Model Calibration- An energy simulation model of Undervisningshuset which is
developed in IDA ICE by EQUA Solutions AB, incorporating the building’s geometry
and envelop, HVAC system and configurations, occupancy schedules, and internal heat
loads. The model is calibrated using historical data extracted from the EMCS.

3. Thermal Comfort Simulation and Scenario Analysis - The calibrated energy model is
then used with corresponding climate file to simulate a baseline scenario and extract key
parameters such as Predicted Mean Vote (PMV), Predicted Percentage of Dissatisfied
(PPD), mean air temperature, and operative temperature for further analysis. These
outputs are used to conduct the following scenario analyses, which aim to identify
patterns of discomfort or inefficiency and provide a basis for interpreting how physical
and operational parameters influence perceived comfort.

e Seasonal variation: contrasting thermal conditions during winter and summer
periods.
e Spatial variation: differences in room orientation, type, and functional usage.

4. Interpretation and Recommendations - Simulation results are interpreted to identify
comfort trends, inefficiencies, and influencing. Based on these findings, the study
proposes possible actions to enhance both comfort and energy efficiency.

3.3 GDPR Compliant Data Handling

To develop a GDPR compliant framework for investigating occupant comfort levels, this
study follows a methodology that balances data collection needs with privacy
regulations, while also ensuring the secure storage of collected data for future use.

The scope of the study is limited to thermal comfort parameters, focusing on a deeper
understanding of this specific aspect due to the study's time constraints.
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3.3.1 Identifying critical factors for a survey.

The process begins by identifying critical factors influencing occupant thermal
perception, which are then structured into a comprehensive survey to assess perceived
thermal comfort. These factors align with established standards ASHRAE 55 and ISO
7730 and can be categorized as follows (De Dear & Brager, 2002; Nicol & Humphreys,
2002).

Environmental Factors: Air temperature, relative humidity, and airflow.

Behavioral Factors: Clothing insulation (CLO value), HVAC system adjustments, and
window operation.

Subjective Factors: Thermal sensation votes and satisfaction ratings.

Contextual Factors: Occupancy duration, metabolic activity levels (MET), and building
zone classification.

3.3.2 Thermal Comfort Perception Survey Questionnaire

Based on these factors, a preliminary survey structure will be developed to evaluate
occupant thermal comfort and attached as Annexure 1. At this stage, GDPR compliances
will not be considered, as the survey is intended for initial theoretical evaluation rather
than actual data collection.

3.3.3 GDPR Clause Mapping, Critical GDPR Risk Analysis and Risk mitigation
strategy

The initial phase involves a thorough examination of each survey question to identify
the specific GDPR principles and requirements it engages. This includes determining
whether the question requests to collect personal data, sensitive personal data, or both
etc. For instance, questions collecting information on health conditions may involve
sensitive data. By mapping each question to relevant GDPR clauses, it establishes a clear
understanding of the legal obligations associated with the data being collected.

Following the clause mapping, each question is assessed to evaluate the potential risks it

associated with personal rights and freedom. This involves categorizing the risk levels
based on their severity.
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Furthermore, identify the specific phase of data processing where it effects data
collection or data storage stage. This analysis enables the prioritization of risks and
informs the subsequent development of mitigation strategies.

Based on the risk analysis, appropriate measures are proposed to mitigate identified
risks and ensure GDPR compliance. The mitigation measures are discussed separately
for the data collection and data storage phases, along with a generalized framework for
data collection and storage in an occupant comfort evaluation study.

3.4 Room Selection Criteria for the Simulation Study and Justification

This section outlines the methodology adopted for the simulation study, with a focus on
room orientation and spatial configuration. The selected rooms were chosen based on
their functional and locational significance, with the layout and positioning carefully
planned to reflect realistic architectural constraints while allowing for meaningful
comparisons.

The two images illustrate how solar radiation affects buildings at different times of the
year, displaying the sun's path and its interaction with the building profile.
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Figure 1: Winter case
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Figure 2: Summer case.

In winter months (Figure 1Error! Reference source not found.), the sun is lower in
the sky, resulting in longer shadows and reduced direct solar exposure on the buildings.
This can lead to less solar radiation and lighting during colder months. Conversely,
Figure 2 shows the sun higher in the sky in summer months, providing more direct and
intense solar radiation on the rooftops and southwest facades of the buildings. This
increased exposure can enhance natural lighting and contribute to higher indoor
temperatures.

The Undervisningshuset, consists of seven floors. However, only six of these floors are
actively utilized for educational purposes, including lecture rooms, group rooms, and
open workspaces.

For this simulation study, four representative spaces were selected to ensure a
comprehensive analysis of the indoor environmental conditions across diverse types of
spaces and floor levels. The selection aimed to capture the use of cases lecture rooms
and open workspaces while considering the vertical distribution within the building.
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Figure 3: cross-section of the building.
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Figure 4: locations and geometry of the selected rooms
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Figure 3 illustrates the typical cross-section of the building, depicting the vertical
distribution and layout of its floors. Figure 4 further highlights the specific rooms
selected for this study, showing their exact locations within the respective floors.
Additionally, Table 1 provides an overview of the selected spaces, Reference use for this
report for identify respective spaces and corresponding floor levels.

Table 1: overview of the selected study spaces

Stvrportalen Study Educational
Room/Space TP Report Floor Level Purpose
Reference
Reference
Classroom U21 RU231 U21 2nd Floor Classroom
Classroom U31 RU350 U31 3rd Floor Classroom
Workspace 430 RU430 R430 4th Floor Study Area
Classroom U1 RU611 U1 6th Floor Classroom

The chosen rooms represent a balanced sample of different functional spaces and floor
levels within the building. This approach ensures that simulation study can capture any
variation in thermal comfort across multiple usage scenarios and vertical zones.

3.5 Data Acquisition and Preprocessing

This section outlines the methodology adopted for collecting, processing, and preparing
the sensor data used in the simulation study. The data acquisition process is facilitated
through Styrportalen enabling comprehensive environmental monitoring of the selected
spaces.

3.5.1 Styrportalen — Data Access Platform

Styrportalen is a web-based building management platform operated by Nordomatic, a
smart building solutions provider in Sweden. As the main interface for the Educational
Building’s Energy Management and Control Systems (EMCS), Styrportalen allows
authorized users to visualize, monitor, and export real-time and historical sensor data.
The platform serves as a centralized hub for data related to indoor climate parameters,
HVAC system operations, and energy performance metrics.

To retrieve the required data, it is necessary to first register an account and obtain
access permission from Styrportalen for building code KTH A0043032, then it can view
the building’s layout, spatial utilization, and the HVAC system configuration layouts.
This information is presented through a dropdown menu located on the left side of the
main interface, as showed in Figure 5: Styrportalen . By selecting specific rooms from
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the dropdown list, the corresponding sensor data is displayed, accompanied by a
simplified system diagram to facilitate interpretation,
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Figure 5: Styrportalen interface.

Furthermore, the interface supports room specific data visualization, trend analysis, and
control parameter adjustments within authorized access levels (Styrportalen). It plays a
critical role in this study by providing detailed data collected from the sensor network
installed throughout the building. Styrportalen is a useful tool when it comes for
research and performance evaluation because it can collect data in detail across both
time and space.
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Figure 6: Schematic diagram of the AHU in Styrportalen
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Figure 6 illustrates the schematic diagram of the monitored AHU system as visualized in
Styrportalen. The diagram shows the flow paths of outdoor air (UTELUFT), supply air
(TILLUFT), return air (FRANLUFT), and exhaust air (AVLUFT). Multiple sensors,
denoted by GT (temperature), GP (pressure), GF (flow rate), and RH measurement
points, are strategically located to capture the dynamic performance of the HVAC
system.

This sensor network is monitored at both macro (system level) and micro (room level)
scales, which are extracted and used for building performance simulation. A typical
schematic diagram of a room expressed in Figure 7, where it shows the connections to
HVAC systems and sensors in the room.
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Figure 7: Styrportalen Schematic diagram for U21.
3.5.2 Extraction of EMCS Sensor Data

For this study, the data acquisition process is focused specifically on HVAC system
related historical data and setpoint values required for setting up the IDA ICE energy
simulation model.

The key parameters extracted include:

Supply Air Temperature from the Air Handling Units (AHUs), which directly affects the
thermal comfort conditions in the indoor spaces. District Heating and Cooling Water
Temperatures, representing the temperatures of supply and return water in the boiler
and chiller operations, critical for modeling the building's energy exchange with the
district energy network.

Zonal Setpoint Values, including;:

Temperature setpoints for different rooms and zones, which define the desired indoor
conditions.
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Air velocity setpoints, influencing airflow distribution and occupant comfort.

These parameters are used to define the boundary conditions and control strategies
within the simulation model, ensuring that the building’s HVAC operations are
accurately represented.

In addition to setting up the simulation, room temperature measurements collected
throughout the entire year are considered for the model validation process. This
involves comparing the simulated indoor temperatures with actual monitored values to
evaluate the accuracy and reliability of the simulation outcomes.

3.5.3 Time Alignment, Cleaning, and Interpolation

During the data extraction process, several discrepancies were identified when
visualizing the historical records and comparing them with acceptable standard values.
These inconsistencies, often observed in the form of spikes, gaps, or sensor drifts, were
addressed by analyzing the maximum, minimum, and average values of key parameters.
Furthermore, attention was given to maintaining coherence with the building’s occupant
schedules, ensuring that the selected data accurately reflected typical operational
patterns. Based on this assessment, appropriate values were chosen to feed the IDA ICE
simulation model, providing a realistic representation of supply air temperatures,
district heating and cooling temperatures, and zonal setpoint conditions.

3.6 Model Development, Calibration, and simulation in IDA ICE

Figure 8: IDA ICE model for Figure 8 presents the energy model developed for
Undervisningshuset by EQUA Solutions AB, using IDA ICE version 5.0.
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Figure 8: IDA ICE model for Undervisningshuset.
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3.6.1 Zone setup, Internal Loads and Occupancy Schedules

Based on the zones identified in the previous section, the corresponding spaces have
been selected in the IDA ICE energy model and labeled using both the Styrportalen

reference codes and their common room names to ensure clarity and traceability

throughout the simulation process. Each selected zone has been assigned internal gains
representing occupants, equipment, and lighting. The number of occupants in each

room was considered as 50% of the designed maximum capacity, reflecting more

realistic occupancy patterns, which aligns with observations from previous field studies
in Undervisningshuset (Kritikou, 2018). The Table 2 summarizes the assigned values for
occupants, equipment, lighting, and water radiator operation for each of the selected
spaces (U21, U31, U1, and R430).

Table 2: Zone assigned values and properties.

Water Radiator

U21 U3s1 U1 R430

Quantity 20 15 25 15
Schedule Figure 9

wn

% MET 1 1 1 1

o

= 0.95+/- 0.95+/- 0.95+/~ 0.95+/-

S | CLO 0.25 0.25 0.25 0.25

£ | Units 10 10 10 15

£ | Emitted heat per unit 75W 75W 75W 75W

g* Schedule Figure 10

3 | Energy Electricity | Electricity | Electricity | Electricity
Units 20 20 20 20

= | Schedule Figure 10

ED Rated input per unit 75W 75W 75W 75W
Design Power 1500W 2780W 4200W 970W
External Wall/roof area 36 61 167 19
Thermal bridge loss factors | 6.9 12.85 15.67 2.4
Controller Proportional

Sensor

Air Temperature

Air temperature at max

power 20C
Supply temperature at max
power 55C
Return temperature at max
power 35C
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For occupants, the number varies between 15 and 25 individuals, with a metabolic rate
(MET) of 1 and a clothing insulation (CLO) value of 0.95 + 0.25 (0.7-1.2) applied
uniformly across all spaces. To represent realistic metabolic and clothing-related heat
gains, CLO and MET values are assigned according to recommended values for
sedentary activities in office and classroom environments (ASHRAE Standard 55-2010,
n.d.).

Occupancy schedule defined based on the building’s operating hours, considering
standard academic schedule which is represented in Figure 9.

e

Name (@1© 08-17 weekdays 4

Monday-Friday 1[8-17], 0.0 otherwise
0

Saturday 0

(_) Same as Mon-Fri

Sunday & holidays 0

Same as Saturday

OK Save as. Cancel Help Advanced

Figure 9: Occupancy schedule.

The equipment load in each room is represented by 10 to 15 units, with each unit
emitting 75 W of heat, powered by electricity. Similarly, the lighting systems consist of
20 units per room, each with a rated input of 75 W. Both equipment and lighting follow
the same operational schedule, which has been predefined by the EQUA team in the IDA
ICE model. This schedule reflects a realistic usage pattern and has been adopted as an
assumption for the simulation, as illustrated in Figure 10.
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Figure 10: Equipment and Lighting Schedule

The radiator capacities are predefined in the model and are justified based on factors
such as room orientation, external wall/roof surface area, and thermal bridge loss
factors. These capacities are considered appropriate for the building model. The
radiators are controlled proportionally through air temperature sensors to maintain
desired indoor conditions. Under maximum operating conditions, the system is
designed to maintain an indoor air temperature of 20°C, with a supply water

temperature of 55°C and a return temperature of 35°C, ensuring thermal comfort in the
selected rooms.

3.6.2 Envelope Properties, Thermal Bridges, and Boundary Conditions

The building envelope is designed using construction elements that comply with
Swedish standards, where layers of materials are assigned to walls, roofs, floors, and
glazing systems. These material assemblies generate corresponding U-values within the
simulation model. While the model's input data is pre-developed, the assigned U-values
have been validated against typical regulatory values to ensure consistency with Swedish
building code requirements and industry practices.
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Among these components, windows and external walls can be identified as the main
contributors to transmission heat losses, primarily due to their extensive surface areas
and direct exposure to external conditions. The specific U-values used for the building
envelope are illustrated in Figure 11, providing a detailed overview of the thermal
performance characteristics considered in the model.

Wind driven infiltration airflow rate 2023.666 I/s at 50.000 Pa

Building envelope Area [.“2] U [w, [_(ml K)] U*A [W/K] % of total
Walls above ground 1350.95 0.11 145.23 12.48
C-K-20.6-2061 1350.595 0.11 145.20 12.47

Walls below ground 407.97 0.21 86.97 7.47

Basement wall 407.97 0.21 86.97 7.47

Roof 863.54 0.08 70.04 6.02

D-K-20,6-2061 863.54 0.08 70.04 6.02

Floor towards ground 892.07 0.11 95.08 8.17

A-K-20,6-2061 (foundation plate) 892.07 0.11 95.08 8.17
Floor towards amb. air 19.38 0.17 3.32 0.28

Slab towards ground 19.38 0.17 3.32 0.28
Windows 507.93 0.97 492.09 42.27

E 22.28 1.02 22.83 1.96

A2 30.54 0.95 29.01 2.49

C2 17.54 0.50 15.77 1.35

D 58.54 1.02 60.00 5.15

C1 33.72 0.95 32.04 2.75

A3 8.20 0.95 7.79 0.67

Al 80.93 0.95 76.89 6.61

C 48.51 0.95 46.08 3.96

C3 11.02 1.35 14.86 1.28

B 56.19 0.95 53.38 4.59

A 140.46 0.95 133.44 11.45

Doors 15.51 0.31 4.82 0.41

Entrance door U=1,3 2.70 1.28 3.45 0.30

C-K-20.6-2061 12.81 0.11 1.38 0.12

Thermal bridges 266.57 22.90
Total 4057.36 0.29 1164.12 100.00

Figure 11: specific U-values used for the building envelope.

In addition to surface heat losses, thermal bridges are a significant contributor to the
building's overall heat transfer. Critical junctions, such as the connections between roofs
and external walls, as well as the perimeter of window openings, exhibit elevated heat
loss due to geometric and material discontinuities. These localized heat flow increases
can have a notable impact on energy performance if not properly (Ge & Baba, 2015).

3.6.3 Ventilation Strategies, Setpoints, and HVAC System Parameters

The ventilation system settings for the Undervisningshuset are calibrated to align with
Swedish standards and best practices, using inputs derived from EMCS historical data
and literature reviews specific to Undervisningshuset.

The system operates as a variable air volume (VAV) controlled mechanical ventilation

system, ensuring dynamic airflow adjustments based on occupancy and indoor air
quality. Minimum and maximum temperature setpoints are defined within the comfort
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range of 21.5°C to 22.5°C, with extended economy ranges applied during off-peak hours
to optimize energy efficiency. Airflow rates are configured with a baseline of 0.3
L/(s-m2) for minimal ventilation and can scale up to 5.98 L/(s-m2) depending on CO2
levels and internal loads, maintaining compliance with Boverket’s BBR ventilation and
indoor climate guidelines.

Figure 12 illustrates the typical setpoint profiles applied to the selected spaces, while
Figure 13 represents the demand controlled ventilation system, showcasing the macro-
level control logic governing the building’s ventilation operations.

r Control

win max §
* max — C
Mech. supply air flow |03 598 L(s*m®)  hax .
cooling [
Mech. return air flow 0.3 5.98 L/(s*m?) A
| \temp_throttle =2.0°C

Relative humidity 20 80 % frfp=e=me
Level of CO2 700 900.0 pm (vol) The control action of heating and cooling depends on

I: :l s the controller used in the actual device. Defaults are P
Daylight at workplace 100 10000 lux control for radiators and Pl for most other room units.

* when both VAV and other means of cooling have

Pressure diff. envelope |-20 Pa been defined, VAV is used first and setpoints of other

room units are offset by 2 *C. (Change globally in
System Parameters)

Variable Setpoints

Min temperature [21.5 comfort, 20 economy ~»
Max ternperature |22 5 comfort, 24 economy T‘ »

Figure 12: Set point values for the zones.

% VentCtriMacro: object in Undervisninghuset_2022.5.1.Final 2 =8 [EEE =5
Schematic  Qutline Annotations

Ambient

Min occupancy flow estimated
control signal (in reality different
for different rooms). Control
signal=0 should mean no
occupancy flow.

Ventilatio
n signal

Figure 13: Control macro of demand-controlled ventilation system.

The Table 3: Setpoint values as per the EMCS data Table 3 provides an overview of the
HVAC system setpoints based on EMCS data. It outlines key operational parameters for
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both the air handling units (LB101/LB102) and the plant system (VP101). For the air
handling units, it specifies the supply air temperature as per the graph in Figure 14, heat
exchange and fan operation (set to "Always On"), and details about the enthalpy wheel,
including maximum supply air and design air velocity. The plant section includes
information on supply hot water, as well as boiler and chiller operation, both of which
are set to "Always On."

Table 3: Setpoint values as per the EMCS data

Supply Air
Temperature Graph Figure 14
Heat exchange
operation Always On
LB101/LB102 Fan operation Always On
Enthalpy Wheel Max supply air | 15m2/s
Air velocity at
design 3.5m/s
Supply hot water Graph Figure 15
Plant Boiler operation Always On
Chiller operation Always On

Figure 14: AHU Supply air temperature
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Points

—20.0000 850000
-15.0000 75.0000
0.0000 700000
20.0000 65.0000
30,0000 650000

Figure 15: Supply water temperature for boiler operation.

3.6.4 Climate data for the simulation

The weather data for the IDA ICE simulations were sourced from the official Swedish
Sveby database (Sveby/SMHI), which provides annual climate files with hourly values of
key weather parameters. Climate files ae downloaded from the database for year 2024

so that each simulation run reflects the actual measured climate conditions of the
calendar year (Sveby | Industry standard for energy in buildings).

3.6.5 Simulation of the model

The simulation is specifically designed to focus on user thermal comfort by
incorporating key comfort indicators, namely Predicted Percentage of Dissatisfied
(PPD) and Predicted Mean Vote (PMYV), aligned with standard reference values. In
addition to these indices, the simulation generates operative temperature values, which
consider both air temperature and mean radiant temperature (MRT). However, it is
important to note that MRT cannot be individually adjusted in the model to assess its
isolated impact on thermal comfort, which is recognized as a limitation of this study.
The mean air temperature is also evaluated to provide a comprehensive assessment of
thermal comfort across different spatial zones.

To enable high resolution analysis, simulation results are configured at 1-hour intervals,
allowing for detailed observation of daily and seasonal variations with greater accuracy.
The simulation covers a full calendar year to effectively capture periods of peak heating

demand during winter and the risk of overheating in summer.
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3.7 Assumptions of the study

For the GDPR compliance study, it is assumed that occupant thermal comfort feedback
would be collected via structured and unstructured survey questions designed to reflect
common formats used in indoor environmental quality assessments. The questionnaire
is presumed to include general demographic fields, time-stamped responses, and
optional open ended comment sections, elements that typically raise privacy concerns
under GDPR. The study assumes that data collection takes place within the European
Union or an equivalent regulatory environment, requiring adherence to GDPR
provisions. It also presumes that standard consent procedures are applied and that
privacy preserving techniques such as anonymization, pseudonymization, and
automated redaction are feasible within the project’s scope before the analysis. The
evaluation of mitigation methods is aligned with this hypothetical but realistic survey
structure to explore practical compliance strategies.

For the thermal comfort simulation study, several assumptions were made to simplify
and structure the modeling process. It is assumed that Environmental Monitoring and
Control System (EMCS) data used for validation is accurate and representative of actual
operating conditions. The simulation model was calibrated based on this EMCS data to
reflect real HVAC performance. Occupancy and equipment schedules were derived from
official university timetables, while actual occupant counts were assumed as a fixed
fraction of the total room capacity, reflecting typical usage during teaching periods.
Clothing insulation and metabolic rates were also standardized based on ISO 7730
guidelines (ISO-7730-2005.), rather than individual behavior. These assumptions
ensure the focus remains on assessing thermal comfort patterns and system
performance under realistic but manageable conditions.
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4. Results

This chapter presents the key outcomes of the two primary components of the study, the
GDPR compliant data handling framework for occupant thermal comfort evaluation and
the IDA ICE based building energy simulation focusing on occupant thermal comfort
assessment.

The first part summarizes the results of the GDPR risk assessment and mitigation
strategy, including the critical factor identification process, GDPR clause mapping, and
the proposed secure data collection and storage framework.

The second part focuses on the results of the simulation model developed in IDA ICE,
which integrates EMCS data to analyze the performance of selected building zones and
evaluate occupant thermal comfort.

4.1 GDPR Compliant Data Handling Framework

As described in the methodology chapter, the study focuses on evaluating one of the
most applied methods for assessing user thermal comfort occupant surveys, which can
be conducted either in digital (web-based) or traditional (paper-based) formats. The
developed sample questionnaire (Annex xx) is structured to capture subjective comfort
indicators, including Actual Mean Vote (AMV) and Actual Percentage Dissatisfied
(APD), while also allowing calculation of PMV and PPD values. Moreover, the survey
includes additional elements aimed at supporting further analysis of factors influencing
perceived thermal comfort, providing a broader understanding of occupant experiences.

4.1.1 Preliminary Questionnaire Structure, GDPR Clause Mapping and Risk
Classification

To support further evaluation, the survey questions have been categorized according to
GDPR data classifications. This approach allows for a clearer assessment of the relevant
GDPR clauses applicable to each question and helps to systematically assign risk levels
associated with collecting and storing such data for future analysis.

The relevant GDPR clauses and the associated risks linked to each survey question were
examined and systematically assessed. The outcomes of this assessment are presented
in tabulated form, providing an overview of the identified risks during both data
collection and storage phases.

The summary of risk types identified in the study is presented (in Table 4 ) before the
analysis to enhance clarity and ease of understanding of the report.
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Table 4: Description of risk types

Risk Type Description

Direct Information that can directly identify an individual without

Identifiers needing additional data (e.g., names, email addresses).

Indirect Data that may not identify a person on its own but could do so

Identifiers when combined with other information (e.g., Age, Location).

Special Sensitive personal data requiring enhanced protection under

Category Data | GDPR Article 9 (e.g., health status).

Free text PII Unstructl.lred t.e.xt responses tl.lat may unknowingly include
personal identifiable information (PII).

IP/Metadata Technical data that can identify devices or users, such as IP

addresses or browser metadata.

Location Data

Geographical data that may reveal personal movement
patterns or habitual locations.

Time based data that could be used to infer behavioral

Timestamps routines or presence. In a web-based method this can be
collected automatically.

Behavioral Information derived from user actions, such as preferences or

Data habits, often conclude from digital interactions.

Device Unique technical characteristics of a device that can be used

Fingerprint to identify it persistently.

Anonymous Data that cannot be linked back to an individual, even when

Data combined with other datasets.

Table 5 outlines and explains the risk categories and their corresponding interpretation.

Table 5: Risk Levels

_ Violates core principles (Art. 5)

High: PII collection without proper
safeguards
Potential PII risk if combined with
Moderate:
other data
Minimal risk with basic precautions

ﬁ No identifiable data collected
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Table 6 presents the analysis for the paper-based questionnaire format.

Table 6: Analysis for the paper-based questionnaire format

Relevant
. DPR D .
# | Question G . ati.l GDPR Risk type
Classification
Clause(s)
Personal Data (Direct Art. 4(2),
1 | Name Identifier) 5(1)(c)
Personal Data (Indirect | Art. 4(1), :
2 | Age Identifier) 6(1) Indirect ID
3 | Gender Personal Data Art. 6(1) Direct IDs
Health Special Category Data Art. 9(1),
4 Conditions (Art. 9) 6(1)
Occupancy
5 Duration Anonymous Data N/A
Thermal
6-7 Sensation Anonymous Data N/A None
Satisfaction
8 Rating Anonymous Data N/A None
Clothing
9 Insulation Anonymous Data N/A None
10 Behavioral Anonymous Data N/A None
Adjustments ym
o Airflow (A Personal Data Risk (free | Art. 5(1)(c), | Free-text
Comment) text) 25 PII
15 | Location Personal Data (Indirect Art. 4(2), Location
Identifier) 5(1)(c) Data
13 E?(aCt Personal Data Art. 5(1)(c),
Timestamp 25
14 | Activity Level Anonymous Data N/A
Discomfort Personal Data (if
15 Frequency linkable) Art. 6(1()
Suggested .
16 | Changes (A Personal Data Risk (free Art. 5(1)() Free-text
text) PII
Comment)
17 | Open Comments | High-Risk Personal Data 1:: 5(1)(@),
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The GDPR data classification analysis of the survey questions shows that questions 5-10,
14 qualify as anonymous data requiring no mitigation measures, while the remaining
questions present varying levels of risk. High-risk items include direct identifiers (1, 3)
and special category health data (4), while moderate risks stem from indirect identifiers
(2, 12), temporal data (13), and free text responses (11, 16-17). The analysis reveals that
nearly half of the collected requires targeted compliance measures, with particular
attention needed for health related and free text responses due to their sensitive nature
and higher reidentification risks. Table 7Table 7 presents the additional considerations
relevant to implementing the same questionnaire in a web-based format. This table
highlights specific risks and GDPR considerations that arise due to the digital nature of

the survey tool, which are not typically encountered in paper-based surveys.

Table 7: Analysis for the web-based questionnaire format

Relevant .
Field/Question GD.PR D?ta GDPR Risk
Classification Level
Clause(s)
. Personal Data Art. 4(1),
Email Address (Direct Identifier) 5(1)(c)
IP Address
(Automatically Personal Data Art. 4(1), 25 | IP/Metadata
Collected)
Timestamp
(Automatically Personal Data Art. 5(1)(c), Timestamps
25
Collected)
Thermal Sensation Anonymous Data N/A _
. Personal Data Art. 4(2), Location
Location (Free Text) (Indirect Identifier) 5(1)(c) Data
.\ Special Category
Health Conditions Data (Art. 9) Art. 9(1)
Behavioral Adjustments Behavioral
. . An D A
(Multiple Choice) onymous Data N/ Data
Free-Text Comments Personal Data Risk i;t 5(1(c); g;;:e—text

File Uploads-(lf High-Risk Personal A.rt. 9 (lf
present/not in the biometric),
. Data
questionary) 25
Device Metadata . Device
(Browser/OS) Personal Data Risk Art. 4(5), 25 Fingerprint
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The GDPR data classification analysis of the web form fields shows that thermal
sensation ratings and behavioral adjustment selections qualify as anonymous data
requiring no mitigation measures. High risk fields include direct identifiers like email
addresses and special category health data, while moderate risks allocated for
automatically collected metadata (IP addresses, timestamps), location data, and free
text comments. The analysis highlights the criticality on file uploads and device
metadata due to their potential biometric identification (device fingerprint) risks. The
majority of highlighted data falls within GDPR scope therefore, the data requires
targeted mitigation measures, with special attention needed for critical risk levels due to
their sensitive nature and elevated reidentification potential.

4.1.2 Risk Mitigation Strategies and framework for GDPR complied data handling.

Table 8 summarizes the effectiveness of six privacy preserving methods in mitigating
key data protection risks relevant to occupant thermal comfort surveys. These methods,
identified through literature review in chapter 2.

Table 8: Risk Mitigation Capabilities of mitigation strategies

Best For Solving These Risk

Method e
e Direct IDs
izati e IP/Metadata
Anonymization »  Device Fingerprinting
e Health Data
Pseudonymization * Location

e Behavioral Data

e Location
e Timestamps

Differential Privacy e Behavioral Data

e Location
. e Timestamps
Data Aggregation e Behavioral Data
e Free-text PII
Automated Redaction e Direct IDs

e IP/Metadata
e Location

Response Generalization .
e Timestamps
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According to the table, anonymization is best for removing high risk data like direct
identifiers, IP addresses, and device fingerprints, as it prevents reidentification.
Pseudonymization protects sensitive data such as health and behavioral information by
replacing identifiers with codes, allowing data to remain useful while reducing privacy
risks (Regulation - 2016/679 - EN - GDPR - EUR-Lex). Differential privacy adds
statistical noise to protect data like location, timestamps, and behavior, making it
suitable for sharing and analysis without exposing individuals (Arca & Hewett, 2021;
Zhu et al., 2015). Supporting techniques like data aggregation and response
generalization group or simplify data to protect trends and patterns, especially for
timestamps and location. Automated redaction removes personal details from free-text
fields, reducing risks from accidental data leaks. Together, these methods form a strong,
flexible privacy approach that suits distinct types of data found in thermal comfort
research.

Based on the previously clarified risk types and corresponding mitigation methods,
Table 9 presents a matrix that illustrates which privacy risks can be effectively
addressed by each method.

Table 9: Risk mitigation framework

) Automa
Risk Anonymiza | Pseudonymiz Plfferen Data ted Respons.e
. ) tial Aggregat . | Generaliza

Type tion ation . . Redacti | .

Privacy |1ion tion

on

Direct
IDs v N X X v X
Health
Data X v X X X X
Free-text
- X X X X v X
IP/Metad
ata v v X X X v
Location
Data X v v v X v
Timesta
mps X v v v X v
Behavior
al Data X v v v X X
Device
Fingerpri | v X X X v
nt
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This overview assists researchers in aligning their data processing practices with GDPR
requirements as well as supports informed decision making in selecting the most
appropriate GDPR complied techniques. Given that a single survey question may
involve multiple risk types, this table assists as a practical framework for combining
mitigation strategies to ensure both regulatory compliance and data utility in occupant

thermal comfort research.

4.1.3 Summary of the process: GDPR compliant data handling

The process is summarized in the flowchart presented in as Figure 16, with each step
explained in detail in Table 10.

Parameter ID

A

Survey Design

Risk Levels

N

GDPR Mapping

N

Mitigation Methods

-

Risk Stage ID

Solution Integration

Input phases

Design phases

Analysis phases

Output phase

Figure 16: GDPR Compliant data handling framework process.
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Table 10: GDPR evaluation Process identification

Parameter ID Identification of key comfort evaluation parameters

Survey Design Questionnaire structure development

GDPR Mapping investigate which GDPR article/s effects on that each
question

Risk Levels Identify/define risk level associated with GDPR
constraints

Risk Stage ID Evaluate which stage (data collection, store) the risks are
associated

Mitigation Methods | Identify possible mitigation measures

Solution Implementation framework

Integration

4.2 IDA ICE Simulation Based Evaluation

This section presents the results derived from simulations carried out to assess thermal
comfort performance across selected study rooms and indoor spaces. The evaluation
focuses on key comfort indicators, including Predicted Mean Vote (PMV), Predicted
Percentage of Dissatisfied (PPD), operative temperature, and mean air temperature. The
simulation model was calibrated using input parameters and control setpoints extracted
from the building’s Energy Management and Control System (EMCS) as described in
the methodology, ensuring a realistic representation of operational conditions. Where
applicable, assumptions regarding occupancy, internal gains, and ventilation profiles
were aligned with actual usage patterns as documented during the monitored period.
The outputs were analyzed to explore both time-based trends and relational behaviors
among comfort parameters.

The simulation period selected for this study spans the full calendar year of 2024, from
January to December, aligning with the academic and operational schedule relevant to
the building. To reflect typical occupancy and system usage patterns, only weekdays
(Monday to Friday) were considered, and the operational hours were limited to 08:00—
17:00, which corresponds to standard study hours. The summer break period from July
1st to August 20th was excluded from the results due to the suspension of regular HVAC
operation and reduced building occupancy during this period. For seasonal analysis in
the later part, the months were grouped into two categories as summer case (April, May,
June, September, and October) and winter case (January, February, March, November,
and December). This classification enables a more focused interpretation of thermal
comfort variations under different climatic conditions and HVAC operation patterns.
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4.3 Daily Variation of Thermal Comfort Parameters
4.3.1 Mean Air Temperature and Operative temperature Over Time

The variation in mean air temperature and operative temperature across the simulation
period is illustrated in the following graphs, corresponding to the four monitored rooms.
Figure 17 presents the data for Room U21, Figure 18 for Room U31, Figure 19 for Room
U1 and Figure 20 for study space R430.
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Figure 17: Room U21 - Mean air / Operative temperature variation
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Figure 18: U 31 - Mean air / Operative temperature variation.
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Figure 19: U1 - Mean air / Operative temperature variation.
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Figure 20: R430 - Mean air / Operative temperature variation.

The graphs compare operative temperature and mean air temperature across different
spaces, revealing distinct thermal patterns. In standard rooms with exterior exposure,
both metrics remain within Sweden's recommended 20-26°C range, with operative
temperatures consistently 0.5-1.5°C warmer than mean air temperatures due to radiant
effects, particularly noticeable during cooler periods (January at ~22.5°C operative vs.
~21.5°C air). These spaces show clear seasonal trends, gradual spring warming (peaking
near 24.5°C in May-July) followed by autumn decline, with the operative air
temperature gap narrowing in summer as radiant effects diminish. By contrast, the
study space R430 with fewer external walls demonstrates remarkable stability, its
seasonal swing is just 1.5°C (23.0°C to 24.5°C) compared to 2-3°C variations in
peripheral rooms, and the operative temperature difference remains consistently
smaller (0.3-0.7°C). Both configurations show parallel curve movement indicating
predictable system behavior, but the study space's flatter trends reveal how reduced
exterior exposure buffers against outdoor fluctuations while minimizing radiant heat
transfer.
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4.3.2 Predicted Mean Vote (PMV) Over Time

The following graphs illustrate the daily fluctuations in Predicted Mean Vote (PMV)
across four study spaces for the simulated period.
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Figure 21: U21 — PMV over time.
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Figure 22 : U31 — PMV over time.
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Figure 23 : U1 — PMV over time.
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Figure 24: R430 — PMV over time.

The PMV trends across the four study rooms (U21, U31, U1, and R430) reveal both
consistent seasonal patterns and notable room specific variations in thermal comfort.
All rooms follow a similar annual cycle, transitioning from slightly cool conditions in
early spring (March PMV values between -0.3 to -0.4) to neutral in May, peaking at
warm but generally acceptable levels in July (+0.2 to +0.6), then cooling again through

42



autumn. While most measurements fall within the ideal comfort range (PMV between -
0.5 and +0.5), notable differences emerge during seasonal extremes. Room U1 shows a
pronounced PMV peak during the summer period, while Rooms U21, U1 and U31
recorded lower PMV values in January. During the remaining periods, all rooms
maintain relatively stable performance throughout the year. These variations stem from
differences in room characteristics, exterior facing rooms (particularly U1) demonstrate
greater thermal fluctuation, while lesser sun exposing rooms like U31 benefit from more
stable conditions. The data suggests that while the building's HVAC system generally
maintains adequate comfort, optimizing performance for specific spaces particularly
improving summer cooling in perimeter rooms and autumn heating in U1 and R430,
could enhance comfort consistency.

The comparative analysis underscores how architectural factors and system zoning
create distinct microclimates within the same building.

4.3.3 Thermal Comfort Distribution Analysis

The following histogram in Figure 25 aggregates all simulated PMV values from spaces
U21, U31, U1, and R430, providing a comprehensive view of thermal comfort frequency
distribution.
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Figure 25: PMV Distribution Analysis

The aggregated PMV distribution reveals systematic cool bias, with significantly higher
frequency counts in negative PMV bins (-0.6 to 0.0) compared to positive values (0.0 to
+0.6). This left-skewed pattern, peaking at -0.4 to -0.2, confirms that occupants more
frequently experienced slightly cool conditions than warmer throughout the simulated
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period. The distribution complements previous time series analysis of individual rooms,
where it observed rooms consistently reaching lower PMV values, while summer peaks
appear as rare exceptions in this aggregated view.

4.3.4 Predicted Percentage Dissatisfied (PPD) Over Time

The graphs display Predicted Percentage of Dissatisfied (PPD) occupants across four
rooms from January to December 2024
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Figure 26: U21 — PPD over time.
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Figure 27: U31 — PPD over time.
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Figure 28: U1 — PPD over time.
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Figure 29: R430 — PPD over time.

All spaces maintain PPD below 12% thus meeting the <10% comfort threshold for most
periods throughout the year, with the lowest values (4-6%) occurring in summer and the
highest (8-12%) in colder months, demonstrating effective indoor climate control of the
HVAC system. The most stable performance comes from Study space R430, which
maintains a narrow 5-8% PPD range year-round, suggesting its interior location benefits
from consistent thermal conditions. By contrast, U1 shows the most pronounced
seasonal fluctuations (4-12%), likely due to its exterior exposure creating greater
temperature differentials.

Overall, a consistent annual pattern emerges, with the lowest PPD values occurring
during the summer months, when climate control systems most effectively maintain
neutral conditions. As the seasons transition toward winter, a gradual but systematic
increase in PPD becomes apparent across all rooms.

4.4 Relationship-Based Analysis
4.4.1 Operative Temperature vs PMV

The following graphs show an evaluation of occupant thermal perception by plotting
Predicted Mean Vote (PMV) against operative temperature for the simulated period.
This relationship illustrates how effectively the controlled indoor environmental
conditions correspond to perceived comfort levels. The analysis provides insights into
the performance of the HVAC system in maintaining neutral thermal sensations.
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Figure 30: U21 - Operative Temperature vs PMV.
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Figure 31: U31- Operative Temperature vs PMV.
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Figure 32: U1 - Operative Temperature vs PMV.
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Figure 33: R430
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- Operative Temperature vs PMV.
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The PMV vs. operative temperature curves for the four study spaces reveal distinct
thermal comfort profiles and highlight the effectiveness of the HVAC system in
maintaining occupant comfort under varying conditions.

Study space R430 demonstrates near-ideal conditions, with PMV values closely
clustered around the neutral point (0) within the 22—24°C operative temperature range.
This suggests excellent thermal regulation, potentially supported by its internal location
and reduced exposure to external heat gains or losses. In contrast, study space U1
displays a noticeable warm bias, where PMV values exceed +0.2 at temperatures above
24°C and peak at +0.4 around 26°C an indication of limited cooling performance or
increased solar exposure in this perimeter zone. Study spaces U21and U31 show similar
performance patterns, both exhibiting a few PMV drops below -0.5 when operative
temperatures fall below 22°C. This trend points to possible challenges with heat
retention or inadequate heating during colder periods. Across all spaces, the neutral
PMYV point reliably appears around 23-24°C, confirming it as an optimal target for
thermal setpoint calibration. These findings underline the importance of tailored HVAC
strategies that address specific spatial characteristics while using well performing zones
like study space R430 as benchmarks for optimization.
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4.4.2 Operative Temperature vs PPD

The following graphs present Predicted Percentage of Dissatisfied (PPD) of occupants
against operative temperature, also serving a direct indicator of HVAC system
effectiveness and the analysis reveals how closely the building's thermal conditions align
with human comfort requirements and where the system succeeds or falls short in
maintaining optimal environments standards.
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Figure 34: U21 - Operative Temperature vs PPD.
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Figure 35: U31- Operative Temperature vs PPD.
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Figure 36: U1- Operative Temperature vs PPD.
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Figure 37: R430- Operative Temperature vs PPD.

The analysis of operative temperature distributions across the four study rooms (U21,
U31, U1, and R430) can be elaborated as follows.
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Room R430 exhibits the most stable indoor climate, maintaining operative
temperatures within a narrow range of 22—24°C and consistently achieving PPD values
below 10%. This suggests effective HVAC control and advantages from its interior
location, with minimal exposure to external thermal influences.

In contrast, Room U1 experiences the widest operative temperature fluctuations,
ranging from 21°C to 27°C, accompanied by greater PPD variability particularly at the
higher temperature range. Rooms U21 and U31 follow a similar trend, generally
maintaining acceptable comfort levels but showing elevated PPD values at both the
lower and upper ends of the temperature scale.

Despite these variations, all rooms achieve a minimum PPD level around 5%, with the
22—24°C operative temperature range consistently corresponding to optimal comfort
conditions, where PPD remains between 5—-8%.

4.4.3 PMV vs PPD analysis

The relationship between Predicted Percentage of Dissatisfied (PPD) and Predicted
Mean Vote (PMV) serves as a demonstrative tool for evaluating thermal comfort
performance across diverse building spaces. By analyzing the characteristic S-curve of
PMV (theoretical sensation) to PPD (quantified dissatisfaction), it can assess how
closely each space achieves the ideal PMV=0 to PPD=5% (minimum dissatisfaction)
benchmark, where asymmetries in comfort perception emerge between warm and cool
climates.
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Figure 38: U21 - PMV vs PPD analysis
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Figure 39: U31- PMV vs PPD analysis
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Figure 40: U1- PMV vs PPD analysis
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Figure 41: R430- PMV vs PPD analysis.

The PMV-PPD curves for simulated spaces elaborate both fundamental similarities and
critical differences in thermal comfort performance. All four spaces exhibit the
characteristic S-curve relationship between PMV and PPD, achieving the theoretical
minimum PPD of 5% near PMV=0 (neutral sensation), which confirms proper HVAC
functionality at baseline conditions.

However, study space R430 demonstrates better performance with a narrower, more
symmetrical curve, maintaining PPD below 10% across the entire PMV range of -0.5 to
+0.5, indicative of its likely interior location with lesser exterior wall exposure. In
contrast, U1 shows a pronounced warm side bias, with PPD escalating rapidly above
PMV +0.5, suggesting excessive solar gain and higher percentage of external wall and
roof profile accountable at perimeter of the space. U21 and U31 exhibit the inverse
pattern compared with U1, with PPD rising sharply on the cool side, probably due to
lesser solar gain through north facing exterior walls. The most significant divergence
occurs in U1, where the curve's asymmetry suggests occupants experience warm
discomfort more acutely than cool conditions.

4.5 Compliance Analysis of Thermal Comfort Standards

The Table 11 presents a quantitative assessment of thermal comfort compliance across
the four study spaces during both the summer and winter operational periods.
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Table 11: Compliance matrix for thermal comfortability

U21 U3s1 U1 R430
Total Hours 981 981 981 981
v PMYV satisfied hours 981 981 969 981
S |PMV satisfied % 100.00% 100.00% 98.78% | 100.00%
= PPD satisfied hours 981 981 968 981
& | PPD satisfied % 100.00% 100.00% 98.67% | 100.00%
£ [PMV +PPD satisfied
& | hours 981 981 968 981
PMV + PPD satisfied % 100.00% 100.00% 98.67% | 100.00%
Total Hours 972 972 972 972
o PMYV satisfied hours 968 969 970 972
@ | PMV satisfied % 99.59% 99.60% 99.79% | 100.00%
> | PPD satisfied hours 967 967 969 972
fé PPD satisfied % 99.49% 99.49% 99.60% | 100.00%
’§ PMV +PPD satisfied
hours 967 967 969 972
PMV + PPD satisfied % 99.49% 99.49% 99.60% | 100.00%

The compliance metrics reveal consistently strong thermal performance across all study
spaces, with R430 achieving perfect year around satisfaction (100% PMV/PPD
compliance). While U21 and U31 maintain near-perfect operation (>99.4% compliance),
their minor winter declines (0.3—0.5% dissatisfaction) suggest lesser direct solar
radiation, particularly for north facing U21. U1 shows slightly lower summer compliance
(98.7%) from occasional overheating, aligning with its identified solar gain challenges,
though it improves in winter (99.7%) as cooling demands diminish. The <1%
dissatisfaction rates in all spaces confirm robust HVAC design in the building.
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5. Discussion

This chapter presents a summary of results and analysis of the GDPR compliance data
handling framework, simulation model outcomes and the occupant thermal comfort
evaluation process undertaken in this study. The results are interpreted in relation to
the research objectives, with emphasis on the performance of the developed IDA ICE
simulation model, the accuracy of the data integration process, and the assessment of
user thermal comfort using Fanger’s indices and other key metrics. Furthermore, the
effectiveness of the GDPR compliant framework developed for occupant data handling
is reflected upon. The discussion also explores the limitations encountered during the
study. Finally, the implications of the findings for practical building operations and
future research directions are discussed.

5.1 GDPR Considerations and Broader Data Protection Measures

The structured GDPR evaluation presented in the results section offers a useful mapping
of risk types against specific mitigation strategies for occupant thermal comfort surveys.

However, to develop a better GDPR compliant data handling framework, it is essential
to critically examine the technical mechanisms applied post data collection and storing,
as well as the foundational principles that should precede any data gathering activity.
This includes emphasizing the importance of data minimization (Article 5(1)(c)), a key
GDPR principle that is often overlooked in technical evaluations (Regulation - 2016/679
- EN - GDPR - EUR-Lex). The current evaluation assumes all collected data is needed,
but a more careful review should question whether each survey question is necessary.
For example, collecting detailed timestamps or location data while analytically valuable
must be justified against the privacy risks they introduce, there is a possibility when
such data can infer behavior or identity even in an anonymized dataset (Monteiro et al.,
2024; Sowmyarani C. N. et al., 2021).

Furthermore, while the mitigation matrix in Table 9 provides a valuable operational
tool, it assumes a level of technical and organizational capacity that may not exist in all
research contexts. For example, although differential privacy and pseudonymization
sound ideal in theory, using them in real situations can be difficult. They may lead to
problems like biased results or less useful data for analysis (Arca & Hewett, 2021; Pekoz,
2019). The tradeoff between data utility and privacy protection is rarely neutral and
must be evaluated on a case by case basis. In addition, some of the methods such as
response generalization or aggregation are more suitable for structured datasets and
may fall short when applied to free text responses or mixed format surveys, which are
common in thermal comfort studies (El Ouazzani & El Bakkali, 2022; Wang et al., 2017).
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Another important missing point in the earlier analysis is the issue of accountability.
When collecting sensitive data such as timestamps, location, and health status, there
should be a clear explanation of what steps were taken to manage risks beyond just
technical fixes. This includes things like who has access to data, whether staff were
trained on data protection, and whether systems are in place to monitor and ensure
continued privacy throughout the entire data handling process.

Finally, while tools like automated redaction and anonymization help reduce privacy
risks, they are usually applied after data has already been collected. According to
GDPR’s privacy by design principle explain in article 25, it’s better to take action earlier
by avoiding unnecessary data collection, keeping data only as long as needed, and using
default settings that protect privacy (Regulation - 2016/679 - EN - GDPR - EUR-Lex).
Involving data protection officers or legal experts when designing surveys can also
improve compliance and reduce the need for fixes later (Fissore et al., 2024).

In summary, while the applied methods demonstrate awareness of key GDPR
requirements, the analysis would benefit from a deeper, more critical engagement with
why data is collected, whether it should be collected at all, and how systemic compliance
including legal, ethical, and organizational dimensions according to respective articles
in GDPR is ensured beyond technical mitigation alone. This perspective strengthens
legal defensibility also aligns with the growing demand for ethical and responsible data
practices in human-centered building research.

5.2 Implications for HVAC Operation and Energy Efficiency in Simulation
study

The thermal comfort assessment across the four monitored study spaces confirms
consistently high compliance with thermal comfort standards (PMV-PPD thresholds (-
0.5 to +0.5 PMV, <10% PPD) throughout the year 2024 (Fanger, 1970). The analysis,
based on IDA ICE simulations, generated values for key indicators such as PMV
(Predicted Mean Vote), PPD (Predicted Percentage of Dissatisfied), and operative
temperature. These results were then used to conduct multi-dimensional analyses, with
a clear emphasis on both seasonal performance and spatial variability influenced by
architectural characteristics. The following discussion is derived from these findings.

5.2.1. Overall Performance on thermal comfortability and System Effectiveness

During the summer period, three study spaces U21, U31, and R430 achieved flawless
thermal comfort compliance, recording 100% satisfaction across all key metrics, PMV,
PPD and their combined thresholds. This indicates that these spaces consistently
maintained optimal thermal conditions throughout the full 981 simulated operational
hours. Room U1, while slightly underperforming in comparison, still demonstrated
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strong compliance, with PMV and PPD satisfaction levels of 98.78% and 98.67%,
respectively, translating to just 12—13 hours of minor discomfort. These brief deviations
are not indicative of systemic failures but more likely stem from localized or transient
inefficiencies. Possible contributing factors include radiant temperature asymmetry due
to window orientation, or HVAC lag during transitional periods (Khamporn &
Chaiyapinunt, 2014; Sui & Zhang, 2016).

Notably, most non-compliant hours in U1 occur around 8:00 a.m. and 5:00 p.m., which
corresponds to the scheduled start up and shut down periods of the HVAC system. This
suggests a possible mismatch between HVAC operational timing and the actual thermal
load dynamics, where the system may take time to stabilize indoor conditions after
being activated or may disengage slightly before thermal equilibrium is lost.

In the winter period, performance remained similarly high across all monitored spaces.
study space R430 again stood out with 100% compliance, confirming the thermal
resilience of interior zones that benefit from minimal exposure to external conditions
and consistent HVAC coverage (Bluyssen et al., 2011). U21 and U31 showed marginal
reductions in performance, with compliance ranging from 99.49% to 99.69%. These
slight drops can be attributed to typical perimeter-related challenges, such as reduced
solar gains due to lower direct solar exposure during this period, increased heat loss
through the envelope, and slower HVAC response times in the early morning hours
when external temperatures are at their lowest.

Interestingly, U1 exhibited a slight improvement in winter, reaching 99.79%
compliance. This seasonal trend supports the conclusion that U1's summer discomfort is
primarily a result of solar gains rather than inadequate cooling, as the southwest-facing
facade of the study room experiences significant sun exposure. Collectively, the data
affirms the overall effectiveness of the HVAC system while also highlighting how room
orientation, external surface exposure, and HVAC scheduling intricacies can influence
short term thermal comfort outcomes (Aviv et al., 2023).

5.2.2 Building and system Architectural Influence on Thermal Comfort

The results of this simulation study clearly demonstrate the critical role architectural
configuration plays in shaping thermal comfort outcomes. R430, with its internalized
location and limited exposure to external thermal effects, achieved year around
compliance with thermal comfort criteria highlighting the advantages of minimal solar
gain, reduced thermal exchange, and a highly controllable internal environment. This
underscores the value of core zoned spaces in ensuring stable operative conditions with
minimal HVAC intervention.
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In contrast, U1 and U21 exhibited minor discomfort peaks, particularly in summer and
winter respectively, due to their perimeter placement and corresponding exposure to
solar radiation and ambient temperature fluctuations. U1’s afternoon discomfort aligns
with its southwest facing facade, revealing a susceptibility to solar gains that overpower
the cooling system during peak hours. These findings suggest that perimeter zones,
especially those with significant glazing and western orientation, require more refined
passive and active strategies including improved shading, glazing enhancements, and
responsive local HVAC control settings (Aliakbari et al., 2022; Tahsildoost &
Zomorodian, 2018).

U3s1 stands out as a balanced performer, achieving near perfect seasonal comfort despite
being partially exposed to the building’s exterior. This likely reflects a favorable
alignment of architectural orientation, effective envelope detailing, and well calibrated
HVAC response. Its performance highlights the potential of integrating envelope design
and control systems early in the design process to mitigate perimeter related discomfort
risks for buildings similar to this case study.

Beyond individual room performance, the study found that discomfort hours were
minimal and highly localized, with most noncompliance instances stemming from
transient phenomena such as HVAC lag during morning or afternoon transitions,
radiant asymmetry near windows, or short-term internal loads from occupants or
equipment. These effects, though limited in duration and intensity, suggest that a finer
temporal resolution such as sub hourly monitoring could help uncover the precise
timing and drivers of discomfort, offering valuable insight for adaptive control
strategies.

From a design perspective, several targeted recommendations emerged. U1 would
benefit from sub hourly comfort evaluations in summer, along with enhanced shading
and air movement strategies to address brief overheating events (Kidari & Tilioua,
2024). U21 and U31 could achieve full winter compliance through minor control
refinements such as pre-heating or improved insulation detailing. Meanwhile, R430’s
performance can be generalized for useful benchmark for HVAC zoning logic and
architectural layout in similar projects.

Finally, the broader implications of this study emphasize that thermal comfort is not
solely determined by HVAC system capacity, but also by a building’s architectural form
where its orientation, envelope performance, and internal zoning. Operative
temperature remains the most effective metric for assessing comfort in real world
conditions, especially in thermally dynamic perimeter zones.
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5.3 Methodological Limitations and Future Improvements

This study has a few limitations that could affect accuracy and how well the results apply
to other buildings or situations. One key limitation is that it did not directly measure
mean radiant temperature (MRT), which is important for understanding how warm
people feel in a room. MRT is usually measured using special equipment like globe
thermometers or infrared cameras (Khamporn & Chaiyapinunt, 2014; Sui & Zhang,
2016). Accurate MRT measurements would allow for a more precise evaluation of its
correlation with thermal comfort in a specific room.

The study also used a fixed activity level MET of 1.0 met, which is common for study
phase. However, in university spaces, people may move around, work in groups, or
engage in other tasks that involve more physical activity. This variability was not
captured in the simulation at this level of the study (Aviv et al., 2023; Kalmar & Kalmar,
2014).

Occupancy patterns were also simplified. Instead of using real time data, the study
assumed people followed a fixed schedule based on university timetables. Actual room
use varies, and using occupancy sensors or access card data would help create more
accurate models of heat gain, COz2 levels, and ventilation needs.

Despite these limitations, indoor temperatures remained within the recommended
comfort range of 20—26°C, with minimum values often close to 22°C (ASHRAE
Standard 55-2010; Boverket, 2025). This indicates that the building’s HVAC system is
relatively well-balanced. Future studies could explore opportunities to optimize energy
use by slightly adjusting supply air temperatures, raising them in summer, or lowering
them in winter without compromising occupant comfort. Such adjustments could
contribute to energy savings while maintaining thermal satisfaction, aligning with both
sustainability goals and the adaptive comfort model. This study also highlights the
potential for integrating user satisfaction data into building performance optimization,
which could be a valuable direction for future research.

For future research, these methods could be extended beyond thermal comfort to
include other aspects of indoor environmental quality such as acoustics, lighting (visual
comfort), and air quality (Bortolini & Forcada, 2021; Kidari & Tilioua, 2024).
Comprehensive validation could involve installing measurement instruments in selected
rooms to collect real environmental data. With this data, thermal comfort models like
PMYV and PPD could be calculated more accurately, helping to fine tune building
systems and improve occupant wellbeing.
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6. Conclusion

This study explored how smart building systems can better align with occupant comfort
by addressing two primary challenges, collecting occupant feedback in compliance with
GDPR regulations and evaluating thermal comfort through calibrated simulation
models. Using KTH’s Undervisningshuset as a case study, the study employed a mixed
methods approach that integrated a privacy aware feedback framework with IDA ICE
based thermal simulations, leveraging EMCS data for model calibration.

The proposed GDPR compliant survey structure identified key privacy risks, particularly
around direct identifiers, and open-ended responses. Then it matched them with
appropriate mitigation strategies such as anonymization, pseudonymization, and
automated redaction. Although these techniques uphold privacy, they can also reduce
how useful the data is, especially when studying changes over time. This emphasizes the
importance of applying privacy by design principles during initial stages of survey
development to ensure both ethical compliance and analytical usefulness.

On the simulation front, results revealed that most indoor spaces, particularly rooms
U21, U31, and study space R430 consistently meet international comfort standards
(PMV within +0.5; PPD <10%). Room U1 showed signs of overheating in summer, while
some minor winter discomfort was observed in U21 and U31, likely due to orientation
and thermal bridging. Study space R430 exhibited the most stable thermal conditions,
demonstrating how architectural features such as minimized external exposure can
contribute significantly to comfort stability.

The findings suggest that while the HVAC system operates effectively overall, there is
room for improvement in managing transient conditions during system startup, as well
as in addressing thermal discomfort in perimeter zones. Suggested strategies include
adaptive HVAC control, localized heating/cooling interventions, dynamic shading, and
better insulation. Moreover, simulation accuracy could be improved by incorporating
real time occupancy and environmental data instead of relying on fixed schedules or
assumptions.

For future studies and implementations, this work recommends combining differential
privacy and redaction tools for feedback analysis, integrating sub hourly environmental
monitoring, and conducting post occupancy evaluations to validate modeling insights.
Beyond thermal comfort, future research could extend this methodology to other indoor
environmental quality domains, such as acoustics, air quality, and lighting while
continuing to refine privacy preserving data collection approaches.
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In summary, this research provides a replicable framework for bridging occupant
centric design with data driven building operations. While Undervisningshuset
performs well thermally, ongoing refinements supported by privacy compliant occupant
input and adaptive control strategies can further enhance both comfort and energy
performance in smart educational buildings.
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8. Annexures
Thermal Comfort Survey
Section 1: Demographic & Background Information

1. Name /Email:

2. Age:

3. Gender: [ ] Male []Female []Other [ ]Prefer notto say

4. Health conditions affecting thermal comfort:

5. How long have you occupied this space?

[]1<thour []1—4hours []Full workday (8+ hrs.) []Permanently
Section 2: Thermal Sensation & Preference

6. Right now, how do you feel thermally?

[1+3Hot []+2Warm []+1Slightlywarm []o Neutral []-1Slightlycool []
-2 Cool []-3Cold

7. What would you prefer to feel right now?

[ ] Much warmer [ ] Slightly warmer [ ] No change [ ] Slightly cooler [ ] Much
cooler

8. How satisfied are you with the current thermal environment? (1—5 scale)
[11(Verydissatisfied) []2 []13 [14 []5 (Verysatisfied)

Section 3: Environmental & Behavioral Factors

9. What are you wearing? (Estimate clothing insulation [Clo])

[ ] Light summer clothes (~0.5 Clo) [ ] Typical office wear (~1.0 Clo) [ ] Heavy
sweater/jacket (~1.5 Clo)

10. Have you made any adjustments to improve your comfort?

[ ] Opened/closed windows [ ] Adjusted thermostat/HVAC [ ] Used a fan/heater
[ ] Changed clothing [ ] Moved to a different area



11. How do you perceive air movement at the moment (e.g., drafts, stagnation):

Section 4: Spatial Context

12. Location in the building (Map of the room):

13. Time of response:

14. Activity level in the past 10 minutes:

[ ] Sedentary (e.g., sitting) [ ] Light activity (e.g., standing, walking) [ ] Moderate
activity (e.g., lifting, pacing)

Section 5: Longitudinal & Subjective Feedback
15. How often do you experience discomfort in this space?
[1Daily []Weekly []Rarely []Never

16. What one change would most improve your thermal comfort?

Section 6: Open Ended Qualitative Feedback

17. Additional comments:
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