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Abstract: In open and shared workplaces, like co-working spaces or educational studios, thermal pref-
erences vary widely among occupants. With the rise of flexible organizational workplace strategies,
the challenge lies in balancing optimum, efficient temperature setpoints with maintaining occupants’
comfort. A potential solution involves a deeper understanding of variations in indoor climate and
building occupants’ decision-making and preferences. This paper explores how an Occupant-Centric
Digital Twin (OCDT) might address this by mapping indoor microclimates through a grid of IoT
temperature sensors in real time. A large-screen display is utilized to present and visualize these data
in an open workplace. The goal is to enhance awareness and provide agency for occupants to identify
zones that align with their individual thermal preferences. A mixed-method occupant study (N = 27)
was conducted to validate the approach. Exposure to the OCDT display resulted in higher thermal
satisfaction among participants (p-value = 1.269 × 10−5, 0.05 significance level). The novelty of OCDT
lies in extending the use of digital twin technology from facility managers to occupants, by granting
them the agency to address comfort issues even in buildings where they lack direct control over the
thermostat. This approach paves the way for a future where occupants in open workspaces can make
informed decisions about where to work and how to achieve thermal comfort in those choices.

Keywords: workplace studies; indoor microclimates; thermal comfort; occupant behavior study;
occupant-centric display; building digital twin

1. Introduction

Buildings hold a crucial position in the worldwide energy landscape, constituting
approximately 40% of the overall energy consumption, which exceeds that of other sectors
like transportation [1]. Within the life cycle of a building, the operation phase emerges
as the lengthiest [2]. Notably, a staggering 80% of a building’s total energy consumption
is attributed to this operational phase. This emphasizes the significance of addressing
energy efficiency and sustainability measures during the operational lifespan of buildings
to contribute positively to overall energy conservation efforts [3,4].

Over recent years, the infusion of cutting-edge technologies, notably, Internet of Things
(IoT) sensors (see Appendix A for the list of abbreviations), has instigated a transformative
shift in facility operations. These technological advancements introduce a new era of
data-driven methodologies, particularly in the operational phase of buildings [5,6]. In
the field of Facility Management (FM), the integration of IoT and the smart connectivity
it provides can be used to optimize various activities, including document management,
security monitoring, and energy management, among other activities [7]. Nevertheless, the
rapid technological evolution presents its own array of challenges. While the benefits of this
approach are substantial, the continuous flow of data from buildings adds complexity to
the operational phase, given the challenge of managing large volumes of typically real-time
data that continue to grow at a rapid rate. The inherent complexity of these datasets poses
challenges in terms of data preparation, analysis, cleaning, processing, and management,
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making it inherently more intricate compared to simpler data structures. This complexity, in
turn, affects the ability of managers to make insight-driven decisions effectively [8,9]. The
intricacies introduced by these innovative approaches create limitations in the accessibility
of insights derived from datasets. Typically, such valuable insights remain confined to the
expertise of highly skilled Facility Managers (FMs), specializing in disciplines such as data
mining, analytics, and related fields [10]. A noteworthy consequence of this complexity is
the exclusion of buildings’ occupants—the end-users—from the decision-making process
in the building’s operation phase. Decisions are often made on behalf of occupants without
a comprehensive understanding of their needs and individual differences, resulting in a
persistent state of dissatisfaction among the building occupants [11].

1.1. Challenges and Opportunities in Integrating Building Occupants into Data-Driven
Operational Decisions

To address the aforementioned challenge, there is a pressing need for new technologies
that can organize and manage large volumes of IoT data efficiently. Access to and usability
of the data are crucial not only for expert facility managers but also for non-expert users,
including building occupants. Therefore, technologies enabling occupants to engage in
data-driven decision-making processes are necessary. It is important, especially in cases
where occupants have the ability to control and adjust ambient conditions. In such cases,
without proper information about the consequences of their actions, occupants may adjust
ambient conditions solely based on their comfort and preferences. In environments like
these, unpredictable and irregular changes directly impact the goals of FMs striving to
reduce the buildings’ energy consumption. This highlights the critical need for a holistic
approach that involves building occupants in data-driven decision-making processes. It
is imperative to bridge the gap between technological advancements, expert insights,
and the diverse needs of building occupants for a harmonized and energy-efficient built
environment [12].

One innovative technological solution that has emerged to meet this need is the
concept of a digital twin, which serves as a cutting-edge method for visualizing real-time
IoT data in a spatialized format [13–15]. The utilization of a digital twin empowers users to
gain insights into large datasets, discern patterns, and detect potential problems. In simple
terms, a digital twin can be defined as “a dynamic digital representation of an asset/system
that mimics its real-world behavior” [16]. This paper focuses on the operational phase of
buildings, underscoring the critical role of real-time IoT data collection and storage through
digital twin information technology. The digital twin concept in buildings comprises three
distinct components: (1) the physical building, (2) its digital or virtual replica, and (3) the
connection between the two [17]. This connection manifests in the form of data flowing
from the physical world to the digital realm, as well as information available from the
digital world to the physical environment [18]. Therefore, the creation of a digital twin
necessitates a virtual model of the building, intricately connected to the physical structure,
with data streaming through IoT devices facilitating a dynamic interplay between the
two realms (Figure 1). This innovative approach not only enhances real-time monitoring
capabilities but also opens avenues for more informed decision-making in the operation
and management of buildings [19].

As the concept of the digital twin gains widespread recognition in the built envi-
ronment, researchers are increasingly turning to tools that facilitate the integration of
independent sensor networks and diverse data sources within the spatial framework of a
building [20]. This integration serves various purposes, encompassing visualizing building
performance data [21,22], establishing large-scale decision-making platforms for campus
Operations and Maintenance (O&M) management [16], implementing predictive mainte-
nance strategies [23,24], enabling real-time monitoring of a hospital’s operation [25], and
integrating Building Information Modeling (BIM) and IoT to monitor thermal comfort
conditions in real time [26].
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The prevailing theme in previous studies has been to furnish digital twin information
primarily geared toward empowering facility managers only [27]. A few studies have
researched integrating occupants’ feedback into digital twins including [28,29], serving
as a reference for facility managers’ decision-making. However, these data have not been
elevated to the occupant level nor presented to them for their informed and data-driven
decision-making.

1.2. Thermal Comfort-Oriented Challenges in the Operation Decisions of Shared Workspaces

As previously discussed, the challenge of conserving energy while ensuring occupants’
comfort remains a complex and multifaceted issue. Thermal comfort is a major aspect
of a building’s operations yet maintaining occupants’ thermal comfort is increasingly
challenging. Thermal comfort, defined as the perceived satisfaction with thermal conditions,
is influenced by a diverse range of factors. These factors encompass air temperature, mean
radiant temperature, air velocity, humidity, clothing insulation, and the level of physical
activity [30]. Balancing these factors is crucial to creating the best temperature conditions
in a building.

Instances of heightened thermal dissatisfaction are particularly found in spaces shared
by multiple users, such as open-plan offices, classrooms, studios, and conference rooms.
The challenge intensifies in these settings due to the diverse thermal comfort preferences
exhibited by individuals. Factors contributing to these variations include differences in gen-
der, age, metabolism, activity level, clothing choices, and other individual preferences [31].
Understanding and addressing this diversity of individual preferences become crucial in
managing thermal comfort effectively.

The management of thermal comfort within buildings is predominantly facilitated
through the implementation of heating, ventilation, and air conditioning (HVAC) systems.
FMs operate the HVAC systems by controlling the temperature setpoints. In the realm
of FM, decisions regarding heating and cooling setpoints are not arbitrary but are rather
guided by a careful consideration of factors such as a building’s energy consumption and
economic implications [32]. However, the dynamic nature of thermal comfort management
extends beyond the technical parameters set by FMs. Occupants, the end users of these
spaces, wield a certain degree of influence over the energy-related decisions associated with
HVAC systems. Their experiences and preferences become evident through complaints
and feedback about thermal conditions. Moreover, occupants actively engage with their
surroundings, impacting energy consumption in various ways. Simple actions such as open-
ing or closing windows, utilizing personal heaters or coolers, or independently adjusting
thermostat setpoints contribute to the overall energy dynamics within the building [33].
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While acknowledging the need to accommodate individual thermal preferences, a
common scenario in shared occupancy spaces involves FMs exclusively dictating tem-
perature setpoints. In these kinds of circumstances where occupants cannot control their
ambient conditions, such as in most educational facilities, building managers face and
have to respond to often daily complaints related to occupants’ thermal dissatisfaction.
Conversely, in buildings where occupants can control the ambient condition of the space,
such as shared office space, they usually want an immediate temperature adjustment;
hence, they change the thermostat setpoints to an extra high or low value believing it
will make faster adjustments. This not only imposes large shifts in thermal conditions
on other occupants, but as they often forget to return to the base setpoint later, FMs face
unpredictable amounts of energy use and costs for utility bills [34].

In contrast to domestic environments where individual utility costs may be more direct
motivators, shared workspaces present a unique dynamic [35]. Interestingly, the traditional
financial consequence associated with energy use has proven ineffective as a motivator for
behavior-based energy reduction strategies among employees in shared workspaces [34].
As a result, a new strategic approach is required to efficiently balance the building’s
energy consumption while increasing the thermal comfort of its occupants. Implementing
technology solutions that allow for personalized thermal control within communal spaces
and educating occupants about the broader implications of their individual adjustments
could represent a more effective strategy. By fostering a sense of shared responsibility
and providing occupants with a degree of control over their immediate environment,
a harmonious balance can be essential—where energy efficiency is optimized without
compromising the comfort of individuals within the shared workspace. This holistic
approach recognizes the complexity of shared occupancy settings and seeks to create a
sustainable and agreeable environment for all stakeholders involved.

1.3. Introducing an Occupant-Centric Digital Twin (OCDT) Approach to Address Thermal
Comfort-Oriented Challenges in Shared Workspaces

This research posits that addressing thermal comfort in shared spaces requires under-
standing occupants’ behavior and preferences. It introduces the Occupant-Centric Digital
Twin (OCDT), a novel approach that integrates digital twin technology at the occupant
level, unlike traditional facility management applications [36]. The primary goal of OCDT
is to inform occupants about environmental conditions in real time, empowering them to
participate in data-driven decision-making. This approach enables occupants to proactively
manage their surroundings, enhancing their thermal comfort.

The OCDT approach in this paper empowers occupants to make informed decisions
about their thermal comfort, focusing primarily on temperature preferences. While the
initial phase centers on providing real-time data and insights about temperature, the
concept is adaptable to include other factors like humidity, light, and acoustics. This
paper represents a pilot study, with plans to expand OCDT to include more sociotechnical
aspects of thermal comfort in future phases. Currently, OCDT integrates real-time data
from IoT-enabled sensors, data analysis, and live visualization to enhance occupants’
decision-making and awareness of their environment.

The objective of OCDT in this paper is to keep occupants informed about the thermal
conditions of their spaces by providing real-time temperature data and historical varia-
tions in indoor microclimates. Microclimates, often caused by modern building designs
and environmental factors, create zones with differing conditions within the same space.
Without detailed information on these variations, occupants struggle to optimize their
spatial use, leading to imprecise feedback and dissatisfaction. Traditional facility man-
agement approaches adjust temperatures based on complaints, which is inefficient and
fails to address diverse thermal preferences effectively. OCDT aims to overcome these
challenges by offering comprehensive and precise temperature data, helping occupants
make better-informed decisions, and enhancing overall comfort.
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By providing detailed micro-level temperature information, FMs can empower occu-
pants to maintain their comfort levels proactively. The OCDT allows occupants to under-
stand localized conditions and make informed decisions about their working locations,
enhancing comfort and enabling dynamic indoor environment management. This paper
hypothesizes that real-time microclimate data and occupant agency in space selection can
increase thermal satisfaction and reduce energy consumption. The user-centric approach,
where HVAC systems respond to localized preferences, optimizes both comfort and energy
efficiency. The study suggests integrating OCDT into future building management systems
to better understand user experiences and incorporate human values into building design.

Overall, this paper seeks to address the persistent challenge of temperature-oriented
thermal satisfaction in shared workspaces, particularly in environments where occupants
lack control over the operating systems, such as educational buildings at universities, where
occupants have no influence over HVAC temperature setpoints. OCDT as an innovative
framework leveraging cutting-edge technologies is aimed at enhancing occupants’ thermal
satisfaction. In the following chapters of this paper, initially, the methods used to develop
a foundational digital twin that presents micro-level indoor temperature information in
real time are introduced. This digital representation acts as a dynamic interface, offering
occupants insights into the current thermal conditions of different areas within a space.
Following the development phase, methods of an occupant study conducted to evaluate
and assess the effectiveness of the implemented OCDT will be discussed. This study
aims to gauge the impact of visualized live information from the OCDT on occupants’
decision-making processes concerning seat selection, thermal perception, and overall
thermal satisfaction. Therefore, the results of this paper, will address the following research
questions; “Could the provision of real-time visual representation of an indoor microclimate
via an Occupant-Centric Digital Twin (OCDT) display influence occupants’ decisions
regarding their choice of seating location? If such an influence exists, what would be its
consequential impact on occupants’ thermal perception, thermal satisfaction, and awareness
regarding the indoor microclimate phenomenon and its spatiotemporal characteristics?”

2. Materials and Methods

In this Section, the methodology for constructing the initial prototype of the OCDT
display is outlined. A concise overview of the steps involved in its development is provided
(Section 2.1). Additionally, the empirical study conducted with occupants to evaluate the
effectiveness of the developed OCDT is delved into (Section 2.2).

2.1. Occupant-Centric Digital Twin (OCDT) Display Development Methodology

Within this work, the aim is to create a digital twin that displays indoor microclimates.
To achieve this, the following three elements are required: (1) the physical building, (2) the
development of digital/virtual replica, and (3) a means of connection between the two [19].
These are next described. For this work, the selected physical building context is an open
studio workspace on the Carnegie Mellon University campus. This space is a large open-
plan shared work area with 189 seats. For this phase, only a small portion of the workspace
(27 seats) was used to create an initial digital twin. The workspace has large west-facing
windows, so there is a high potential for extreme indoor microclimates in this space. This
was subsequently validated by manual temperature measurements (Figure 2a). To prepare
a virtual replica of the space, an intuitive strategy for presenting spatial information was
first identified. This strategy aimed at helping occupants easily interpret, understand, and
relate temperature differences across the space. A 2D-floor-plan view of the workspace was
ultimately selected to represent the space’s spatial information to occupants in the digital
twin approach (Figure 2b). Finally, to make the connection between physical and virtual
space, LoRaWan-enabled IoT temperature sensors [37] were used to retrieve temperature
readings from the physical space at fifteen-minute intervals. The operating temperature
range of these sensors is −22 ◦F to 158 ◦F (−30 ◦C to 70 ◦C), with accurate readings
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within a margin of +/− 0.3 degrees Celsius (+/− 0.54 degrees Fahrenheit). These readings
supported subsequent analysis and visualization in virtual space (Figure 2c).
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The following steps were taken to create the digital twin of indoor microclimate within
the case study location.

2.1.1. Step 1: Sensor Placement

As stated earlier, in this paper, we focused on temperature as the primary factor in
occupants’ thermal comfort. To gather this information, a grid of smart thermometers was
placed at the site. After performing pre-occupancy manual temperature measurements
of the area, microclimates were identified. Subsequently, twelve sensors were installed
along the edges and in the center of the room to capture live indoor temperatures (Figure 3).
Sensors were either wall-mounted or placed on the desks and formed the node of a grid
as illustrated in Figure 3. Both wall-mounted and desk-mounted sensors were placed at
a vertical height of 90 cm (2.95 ft) above the ground to match the height of the occupants’
desks. Each sensor relayed temperature data to a LoRaWan-enabled hub, which in turn
relayed that information to a cloud service.
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Figure 3. Sensor distribution in case study location: (a) Sensor grid; (b) An example of sensor
placement on a desk.

2.1.2. Step 2: Automated Live Sensor Data Retrieval and Storage

The sensors were configured to send a customized alert at a minimum of fifteen-minute
intervals. Each sensor alert shared its temperature data. An Application Programming
Interface (API) of the temperature sensor service was used to access and retrieve the
resources [38], and a cloud service was utilized to trigger storage in response to the alert.
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Temperature information was automatically imported into a cloud-based platform and
stored for subsequent processing as described in Section 2.1.3. A set of existing services, API
integrations, and platforms [39] were utilized to automatically add a row containing the
latest data of each sensor to the cloud-based platform whenever a sensor alert was detected.

2.1.3. Step 3: Creating a Digital Twin User Interface (UI)

The visualization and user interface was designed with Python libraries and Plotly [40].
The Google Colab platform was used to create the dashboard UI [41]. Google Sheets, storing
the sensor data, was linked to the Google Colab platform as a data source. This allows the
latest temperature sensor data to be immediately imported into the dashboard as new rows
are uploaded to Google Sheets. Finally, the floorplan of the workspace is shown overlaid
with the latest temperature of the microclimates measured at each sensor (Figure 4). The
process for developing this visualization is next described.
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2.1.4. Step 4: Dynamic Thermal Map of the Live Temperature Data

Plotly’s 2D contour plot was used to visualize the sensor grid as a color-coded thermal
map. Since this 2D contour plot shows the contour lines of a 2D numerical array, the data
were organized as NumPy.ndarray of the sensor grid. The numeric values for the sensor
grid’s NumPy.ndarray were prepared as a transformation of the raw sensor data. To im-
prove the smoothness of visualization, the detail of the grid was increased by interpolating
between the sensor values of a pair of adjacent grid nodes (Figure 4a). Creating microcli-
mate maps for indoor environments can be difficult due to factors like temporal variability
resulting from building design, occupancy patterns, and more [42]. To ensure that the
spatial interpolation challenge was addressed, two main approaches were adopted. Firstly,
the number of sensors was increased strategically to minimize large spatial gaps between
them, thus preventing temperature variations between sensor nodes. Secondly, before sen-
sor placement, physical measurements were conducted across all indoor areas to identify
specific locations requiring temperature sensors, ensuring comprehensive coverage.

2.1.5. Step 5: Animation of the Historical Data

The focus of this work is on providing real-time data visualization to guide occupant
decision-making and interaction with the building’s workplace. This work also offers a
wealth of historical data by storing the temperature data for later analysis. The exploration
of historical data served as a resource for understanding the change in microclimates and
indoor thermal conditions over time. Using these data, a sequential animation was created
to depict the changes throughout a specific period. The animation feature was added to
the public display, alongside the current view of the indoor microclimates (as depicted in
Figure 4), to visualize how the indoor thermal map had changed over the last 8 h. Plotly’s
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Express functions were utilized to create animated thermal map figures based on the array
of sensor data stored. “Play” and pause button, along with an interactive timeline is
provided for the occupants to (re)run, review, and scrub through the animation as needed
(Figure 4b).

2.1.6. Step 6: UI Enrichment with Analytical Diagrams

To enhance occupants’ understanding of daily changes in the space, the dashboard
includes two live analytical diagrams. The first diagram displays the minimum and maxi-
mum temperatures within the space throughout the day. The second diagram shows the
differences between the maximum and minimum temperatures recorded by all sensors
over the same period. These diagrams help occupants comprehend extreme temperature
variations in the microclimates over time (Figure 5). Figure 5 illustrates indoor temperature
fluctuations at the case study location from 1:53 p.m. to 8:23 p.m. on 11 August 2022. It
demonstrates that within this space, the temperature gap between the maximum and mini-
mum readings widened to 19 ◦F (10.5 ◦C) around 5:23 p.m. Consequently, occupants may
experience a range of temperatures, from 68 ◦F to 87 ◦F (20 ◦C to 30.5 ◦C), simultaneously
within this single area.
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Figure 6a illustrates the interface of the OCDT’s display interface on 11 August 2022 at
6:53 p.m. (Figure 6a). The display was placed immediately inside the entrance to the case
study instrumented study space location (Figure 6b). The digital twin interface, presented
on a large touchscreen TV, enables occupants to interact with the system, exploring historical
data animations and insights. The interface, rendered as a webpage and displayed in
full-screen kiosk mode, automatically updates with new data without requiring users to
refresh the page. This study represents the first phase of an ongoing project to enrich
the OCDT display with occupants’ collective feedback in a shared workspace. Opting
for a large shared screen rather than personal devices aims to encourage communication
and collaboration among occupants, enhancing their collective engagement. This choice
gains even more importance in future phases where multiple users will concurrently use
the system.
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Figure 6. OCDT display: (a) A screenshot of the live UI dashboard; (b) An occupant interacts with
the display at the case study location.

The dynamic thermal map and data-driven charts allow occupants to perceive the
spatiotemporal features of the indoor microclimate. By visualizing temperature distribution
on the floor plan throughout the day, occupants can see how external factors like direct solar
radiation significantly impact indoor microclimates, especially near windows. Internal heat
loads, such as people, equipment, and lighting, had less effect during this study.

2.2. Occupant Study Methodology

As described in the previous Sections, the OCDT approach is designed to provide a
visual interface for improvised human–building interaction [43], and specifically to increase
occupancy agency and decision-making toward improved thermal comfort and satisfaction.
To explore the efficacy of this approach, a mixed-methods user study was conducted to
assess occupants’ interaction with and understanding of the real-time display and how
it affected the decision-making and perception of thermal comfort and satisfaction in the
space. Additionally, this study explored occupants’ experience of interacting with the
OCDT display to understand challenges and opportunities for improvement in future
real-time interfaces of indoor environmental conditions.
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2.2.1. Occupant Study Experiment Design

To study the system and its effect on occupancy behavior, an in-person assessment was
conducted, and individual evaluations were administered in the augmented workplace
mentioned in the previous Section. The required approvals were obtained from Carnegie
Mellon University’s Institutional Review Board (IRB), which is a common part of similar
user studies [44]. As the experiment was conducted individually, the experiment was
exclusively carried out on sunny days between 4:30 p.m. and 6:30 p.m., considering that
sunset occurred around 8:30 p.m. The experiment spanned from the first week of August
2022 through mid-August 2022 to accommodate all participants. This timeframe was
chosen to control for experimental and environmental factors that could impact occupant
perception. Specifically, the aim was to mitigate the influence of confounding variables
such as the time of day on both the visualized indoor microclimate map and participants’
perceptions of thermal comfort within the study design. This ensured all participants
experienced indoor microclimate conditions as well as other environmental factors (lighting
conditions, etc.) as similarly as possible while participating in the experiment.

The study was organized into two rounds. User perception surveys were administered
after both rounds in order to gather comparative measures of perceived thermal comfort.
The survey details are discussed in Section 2.2.3. In the first round, participants were not
provided with any information about the microclimates in the space. Participants were
asked to select any seating location within the space that they would desire to sit at. At
each desk, Quick Response (QR) codes were used to provide access to the complete survey.
The QR code was also used to uniquely identify the desk location selected. The perception
survey prompted them with questions about their perceived thermal comfort at their
occupied location. In the second round, participants were invited to review with the OCDT
display. They were provided with a brief summary and introduction to the OCDT display
and the real-time information about the indoor microclimates and the spatiotemporal
characteristics it offered. Participants were offered the opportunity to interact with the
OCDT UI, its live information, and animations should they so choose. This provided them
an opportunity to learn about temperature differentials within the space, and they could
review this information at their leisure. Once they had finished exploring the OCDT, they
were asked again which seating location they would choose to occupy. They were free to
return to their original location or choose a new location. Once seated, they used a QR code
to complete another user perception survey.

Both rounds occurred consecutively on the same day. Participants were allocated
25 to 30 min in each round to acclimate to the temperature of their chosen seats before
taking the survey, resulting in a total duration of approximately fifty-five minutes for both
tasks [45]. Once both rounds of the study were completed, participants were asked to
provide both quantitative and qualitative feedback about their experiences interacting with
the OCDT display. The feedback was gathered using standard user experience surveys and
supported with short exit interviews. Exit interviews were audio-recorded and transcribed
for later analysis. Participants were allowed to pause the experiment at any point during
the process. Additionally, they were welcome to provide optional verbal feedback—for
example, to articulate their decision regarding desk selection—throughout the study. In
this case, their comments were quietly observed and noted.

2.2.2. Participant Recruitment Methods

Considering the main research question of this user study, the required sample size
was determined via an a priori power analysis using G*Power in version 3.1.9.7. G*Power
analysis, a statistical tool employed to ascertain the requisite sample size in research designs,
particularly proves invaluable in experiments utilizing specific statistical methods such
as t-tests. In this study, a dual-phase approach with identical participants dictated the
application of a ‘paired, one-tailed t-test’ for statistical analysis. Employing G*Power
analysis, realistic input parameters were configured, encompassing a power of 0.8, an alpha
level of 0.05, and a medium effect size. The analysis yielded that, to achieve a power of
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0.8 at an alpha level of 0.05, 27 participants are recommended to detect the anticipated
medium effect size in the context of a paired, one-tailed t-test.

Twenty-seven participants were recruited through the university campus email list.
Participants were required to be at least 18 years of age and located on campus. No other
inclusion or exclusion criteria were applied to gain as broad a sample as possible. A
paper-based consent form was given to participants, which had a brief description of the
study and all information that they would need to know before accepting to participate.
Participants were offered USD 5 at the end of the experiment. They could withdraw at any
moment without providing reasons and without any adverse consequences of any kind.

2.2.3. Data Collection Methods

In this experiment, each participant was assigned a number, which was used instead
of their name in recording any data collected during the study. A mixed-method approach
was employed. Quantitative data were collected from two types of questionnaires (user
perception surveys and user experience surveys). Additionally, qualitative insights were
gained through interviews. Hence, the data collection methods can be listed as follows:

• User perception survey in two rounds;
• User experience survey;
• Open feedback interview.

In the context of user perception surveys aimed at measuring participants’ perceived
thermal comfort, a questionnaire was designed to gather self-reported satisfaction levels
with thermal comfort. This questionnaire focuses on the subjective perception of comfort
in terms of indoor temperatures. It builds on two standardized approaches: Georgia
Institute of Technology’s “Thermal Comfort Verification Survey” [46] and the Building
Green LEEd User’s “Thermal Comfort Survey” [47], which were used as the core survey
questions (Appendix B, Questions 1–6). In both rounds of the study, participants were
asked to provide their seat number (Q1), subjective perception of thermal comfort (Q2),
and their thermal satisfaction level (Q3). Both ratings were on a seven-point Likert scale. In
case they were not satisfied, they were asked follow-up questions regarding their source
of discomfort (Q4–5). Participants responded to the questionnaire while at the location
they selected [45]. In the second round of the study, the OCDT display was introduced to
participants. In this case, the user perception survey included additional questions that
explored the effect of the OCDT display on their choice of location, the usefulness and
effectiveness of OCDT, and changes in their understanding of the indoor microclimate
(Q7–15). Appendix B presents the user perception survey questions used in the second
round, with Q1 to Q6 shared with the first round.

In the context of user experience survey, a post-task questionnaire was administered to
collect quantitative data about each participant’s experience of interacting with the OCDT
display [48]. The User Experience Questionnaire (UEQ) [49] was used to assess usability.
The UEQ captures the impressions of an end-user toward a software product, in this case,
the OCDT display prototype [50]. The UEQ consists of 26 questions organized as pairs of
contrasting attributes on a 7-point semantic differential scale (e.g., complicated □□□□□ x
□ easy). Note that during data coding, this scale was converted to a range from −3 to +3.
The 26 items are organized into 6 groups, briefly summarized as follows: Attractiveness
(e.g., Do users like or dislike the product); Stimulation (e.g., Is it exciting and motivating to
use the product); Novelty (e.g., Is the product innovative and creative); Perspicuity (e.g., Is
it easy to learn how to use the product); Efficiency (e.g., Can users solve their tasks without
unnecessary effort); Dependability (e.g., Does the user feel in control of the interaction [51].
Attractiveness is assessed on valence. Stimulation and Novelty capture hedonic quality
(non-goal-directed), while Perspicuity, Efficiency, and Dependability examine pragmatic
(goal-directed) quality components [52]. To supplement the UEQ survey, demographic and
background information on the participants was captured using this survey, which took
approximately five minutes to complete.
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The study ended with short exit interviews aimed at gathering open feedback from par-
ticipants regarding their experiences with the space and the OCDT. These semi-structured
interviews, as described in [44], included follow-up questions to gather additional context
on decision-making processes, interpretation of real-time data, and feedback on visual-
ization and interaction strategies, among others, as outlined in [48]. Prompts included
questions about participants’ first impressions of the OCDT display, the usefulness of
existing information, liked or disliked features, desired additions for future versions, and
more. Exit interviews for most participants were brief, typically lasting 5 min. However,
some participants chose to give extensive feedback, taking 20–30 min.

Before the study, the workspace and study site were equipped with temperature
sensors, and the OCDT display updated every fifteen minutes. Digital surveys were made
with Google Forms [53], and QR codes [54] were assigned to each desk for user perception
surveys (rounds one and two) and the user experience survey. Each seating location was
labeled with a unique identifying number (Figure 7). Face-to-face interviews conducted by
the first author were audio-recorded and transcribed for analysis, ensuring de-identification.
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2.2.4. Data Analysis Methods

For the surveys, both descriptive and inferential statistical approaches were utilized
to analyze the results. Descriptive statistics were used for the initial exploratory analysis
of results. As inferential statistics, a t-test [55] was utilized to estimate the probability of
either a single value (one-sample t-test) or the difference between two paired values (Paired
t-test). A one-tailed t-test was specifically employed to address the main research question
of this user study: the relationship between visualizing real-time indoor microclimate
data and a change in occupants’ thermal comfort satisfaction. Generally, for both the user
perception survey and the UEQ survey, 95 percent confidence intervals were utilized to
make inferences about the population means of each item.

For the interviews, first, all feedback was transcribed verbatim. Each interview tran-
scription was read several times to gain familiarity and a complete understanding of the
content [56]. After that, a bottom-up open coding approach was followed. Codes were
grouped into clusters for further analysis (using Miro, an online collaborative tool [57]),
and emergent themes were derived from the data. The overall process was iterative.
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3. Results

In this Section, the results of the occupants’ study will be discussed in detail. Initially,
attention will be directed toward examining how OCDT information would appear when
occupants interact with it. Figure 8 depicts the changes in temperate distribution within the
space on 11 August 2022 at 9:53 a.m., 3:53 p.m., 5:53 p.m., 6:53 p.m., and 7:53 p.m. Before
noon—and since windows do not receive direct sunlight as they do in the afternoon—a
more homogeneous temperature distribution is experienced within the space. However,
during the afternoon and as the sun sets, windows facing west begin receiving more
sunlight. This in turn makes nearby areas increasingly warm (Figure 8). This information is
in real time and does not remain consistent throughout the entire summer days; however,
Figure 8 provides a sense of a typical sunny day in the summer. When interacting with the
OCDT UI, occupants will receive this information once the “PLAY” button is pressed. The
following Section delves into the actual results of the occupant study in detail.
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3.1. User Perception Survey

To ensure the reliability of test results from a statistical perspective, data were col-
lected randomly from the entire target group. Moreover, the collected information was
independent and not influenced by any prior data. Additionally, the entire study group’s
distribution conforms to a standard bell-shaped pattern, indicating a normal distribu-
tion [55]. Prior to commencing formal statistical analyses, Exploratory Data Analysis (EDA)
was initiated. The participants (N = 27) varied in age from 18 to 48 (Mean = 24, Standard
Deviation = 5.99), comprising 13 males and 12 females, with 2 individuals choosing not to
disclose their sex.

Initially, a comparison was made regarding the differences in selected seat numbers
across the two rounds (Q1). Following participants’ exploration of available options and
selection of seats in the first round, 20 out of 27 participants altered their seat locations
in the second round upon being presented with the OCDT display (Sample Mean = 0.74)
(Figure 9a). Interestingly, seat A1 emerged as the most selected seat in round 2. Six out
of the 20 participants who changed seats opted for seat A1 in the second round of the
experiment (Figure 9b). This choice correlated with the microclimate map, which indicated
that the area surrounding seat A1 maintained the lowest temperature throughout the day
(see Figure 6a). This preference for cooler areas coincided with the participants’ inclination
toward cooler spots on a sunny summer day.
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2 seat-change percentages among all 27 participants; (b) Round 2 preferred seats among occupants
who changed their seats.

To statistically investigate the generalizability of the sample results regarding whether
the OCDT display would influence the population of occupants’ decision-making, a one-
sample t-test hypothesis testing was conducted. One-sample t-test compares the mean of
a sample to a known value to determine if the sample is significantly different from that
value. In this study, occupants who changed their seats were coded as one, while those
who did not were coded as zero. Utilizing a one-sample t-test a hypothesis simulation
determined whether the population mean would exceed zero [37]. The results indicated
a statistically significant difference between seat locations in rounds 1 and 2 (t = 8.6189,
df = 26, p-value = 4.253 × 10−9), as the p-value is below 0.05. With a 95% confidence interval
(0.56, 0.91), the statistical hypothesis testing simulation suggests that between 56% and 91%
of occupants interacting with the OCDT display would change their seats.

Next, the effect of the OCDT display on occupants’ thermal perception (Q2), thermal
satisfaction (Q3), their awareness of indoor microclimate (Q9–Q10), and its spatiotempo-
ral characteristics (Q11–Q12) was investigated. Not only were exploratory data analyses
(EDAs) employed, visualized in the form of bar charts in this paper, but statistical hy-
pothesis testing was also utilized to examine the probability of the sample participants’
results representing a broader population. For the statistical hypothesis testing, one-tailed
paired-sample t-tests (with null hypothesis Ho: Mean Difference (µd) ≤ 0 and alternative
hypothesis Ha: µd > 0) were conducted to compare the sample means of round 1 and 2
survey responses for each of these four groups of questions. The purpose of conducting
these tests was to determine whether there were statistically significant differences between
the responses given in the first round of surveys compared to those given in the second
round, within each of the four groups of questions.

Figure 10 illustrates the shift in occupants’ thermal perception across both rounds
following their seat changes subsequent to exposure to the OCDT (Figure 10). In round 2,
a higher number of responses were concentrated around ‘Neutral (0)’, which is generally
regarded as a comfortable level. Regarding the results of the one-tailed paired-sample t-test
comparing the occupants’ thermal perception in two rounds, a p-value of 0.09654 suggests
that there is not a statistically significant difference between the thermal perceptions of
occupants in the two rounds (t = 1.7242, df = 26, p-value = 0.09654). The 95% confidence
interval of (−0.09, 1.05) indicates the range within which the true mean difference between
the two rounds is likely to fall for the broader population. This result appears reasonable
considering individual differences and thermal preferences among occupants. Despite the
experiment taking place in summer and participants generally choosing cooler areas, some
still preferred warmer locations. This diversity in preferences may contribute to the lack of
a significant difference in thermal perception between rounds.
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Figure 10. Thermal perception of sample occupants before and after their seat changes in round 2,
prompted by exposure to the OCDT.

Figure 11 shows the variation in occupants’ thermal satisfaction across both rounds
after their seat changes, following exposure to the OCDT (Figure 11). In round 1, responses
spanning various levels of thermal satisfaction were observed. However, in round 2,
following occupants’ decisions to change their seats based on the visualized information
from the OCDT, it was noticed that no responses fell within the lower satisfaction levels.
Instead, all responses in round 2 were above the rating of five out of seven, the ‘very
satisfied’ level. This suggests a considerable increase in thermal satisfaction among the
sampled occupants in the second round. To ascertain the generalizability of these findings
to a wider population, statistical hypothesis testing was conducted. The results of one-
tailed paired-sample t-tests revealed a statistically significant difference between rounds
1 and 2 (t = −5.1066, df = 26, p-value = 1.269 × 10−5), as the p-value of 1.269 × 10−5 is
below the threshold of 0.05. The satisfaction level in the second round was found to be
at least 0.64 higher than in the first, with a 95% confidence interval. Hence, the statistical
analysis provides confidence in the reliability of the observed increase in satisfaction levels
among occupants.
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Regarding occupants’ awareness of indoor microclimate phenomena and its spatiotem-
poral characteristics, only 8 out of 27 participants were initially aware of the phenomenon
before exposure to the visualized information from the OCDT. Among these eight partici-
pants, only six were aware of its spatiotemporal characteristics. However, in round 2, after
exposure to real-time and historical data visualization from the OCDT, 23 out of 27 partici-
pants reported that the OCDT fully enhanced their awareness and perception of the live
indoor microclimate of their occupied space, including its spatiotemporal characteristics
(Figure 12). To extend the results to a broader population, statistical hypothesis testing was
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employed. One-tailed paired-sample t-tests were conducted. In these tests, occupants who
responded ‘yes’ to the awareness questions were coded as one, while those who did not
were coded as zero. The means of occupants’ responses were compared before and after
exposure to the OCDT. The results showed statistically significant differences in occupants’
awareness of indoor microclimates (t = −7.2837, df = 26, p-value = 4.902 × 10−8) and their
awareness of spatiotemporal characteristics (t = −7.4339, df = 26, p-value = 3.404 × 10−8)
following interaction with the OCDT display. The 95% confidence intervals for occupants’
awareness were (-Inf, −0.5020436) and (-Inf, −0.5194166) for indoor microclimates and
spatiotemporal characteristics, respectively. Since none of these confidence intervals encom-
pass zero, it implies that exposure to the OCDT display likely led to a notable increase in
awareness scores for both indoor microclimates and spatiotemporal characteristics among
the broader population of occupants, with a high level of confidence.
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In Q4–Q5, qualitative data regarding the sources of thermal dissatisfaction among par-
ticipants were collected, comparing responses from both rounds. In round 1 Q4 responses,
five participants noted “Temperature too hot/cold”, while five participants flagged “Air
movement too low” at their initially selected seats. These numbers changed in the second
round after participants were introduced to and interacted with the OCDT display. In
the second round, the overall number of temperature dissatisfaction responses for Q4–Q5
decreased to zero; no participants expressed dissatisfaction with temperature. However,
four participant responses highlighted dissatisfaction with air movement being too low.

The study aimed to minimize the influence of activity levels on thermal comfort
perceptions [30]. In Q6, participants’ activity levels before completing the questionnaire
were addressed to ensure sufficient relaxation time within the allocated 25 to 30 min before
each round. These measures were taken to ensure the reliability and validity of feedback
responses, particularly regarding thermal comfort questions. Among 27 participants, 10
indicated “Seated Quiet”, 8 reported “Standing Relaxed”, and 5 stated “Light Activity,
Standing”, with consistent responses across both rounds. Notably, no participants reported
high activity levels, confirming optimal conditions for reliable feedback collection on
thermal comfort regarding activity.

As with Q1, one-sample one-tailed t-tests were employed to analyze the results of
Q7 and Q8. The results indicated that the OCDT display significantly helped at least
83% of occupants find a seating location that is more thermally comfortable for them
(t = 18.028, df = 26, p-value < 2.2 × 10−16, 95% confidence). Additionally, the animation
presented on the OCDT display was found to be useful, with at least 71% of participants
reporting that it helped them make decisions about where to sit in this space for the day
(t = 11.802, df = 26, p-value = 3.028 × 10−12, 95% confidence). At the end of the second
round, Q13–Q15 asked participants to express their opinions about OCDT using a seven-
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point Likert scale. Participants generally indicated that providing visual information
about indoor microclimates alongside the ability to select seats based on this information
would increase their thermal comfort (Mean (M) = 6, Standard Deviation (SD) = 0.93).
The mean response for Q13 falls within the 95 percent confidence interval of (5.66, 6.4).
Participants also showed a positive inclination toward having the OCDT display in their
normal workspaces (M = 6, SD = 0.60). The 95 percent confidence interval for question Q14
is (5.91, 6.38). Finally, the OCDT display received an overall high score (M = 6, SD = 1.01)
from participants via Q15, with a 95 percent confidence interval of (5.19, 5.99).

3.2. User Experience Survey

Table 1 displays the analysis results of the UEQ survey, comprising six main scales
with 26 items.

Table 1. Analysis results of the UEQ survey for its main six scales.

Scale Mean Confidence Interval Comparison to
Benchmark Interpretation

Attractiveness 1.60 1.24 1.97 Good
10% of results
better, 75% of
results worse

Perspicuity 1.77 1.37 2.16 Good
10% of results
better, 75% of
results worse

Efficiency 1.48 1.12 1.85 Above Average
25% of results
better, 50% of
results worse

Dependability 1.41 1.13 1.68 Above Average
25% of results
better, 50% of
results worse

Stimulation 1.38 1.09 1.66 Good
10% of results
better, 75% of
results worse

Novelty 0.97 0.49 1.44 Above Average
25% of results
better, 50% of
results worse

Mean values and 95 percent confidence intervals were calculated for each scale. A
mean > 0.8 indicates a positive evaluation, values between −0.8 and 0.8 represent a neutral
evaluation, and values < −0.8 signify a negative evaluation of the corresponding scale [58].
All six scales of the UEQ survey for the OCDT display received positive evaluations,
with the maximum mean value of 1.77 for the perspicuity scale, and the minimum mean
value of 0.97 for the novelty scale. Notably, one participant’s response was excluded from
the analysis.

Figure 13 illustrates the measured scale means in comparison with existing benchmark
values derived from a dataset containing data from 21,175 individuals across 468 studies
involving various products (business software, web pages, web shops, social networks) [58].
When compared with the benchmark values, the OCDT display is evaluated as “Good”
in terms of Attractiveness, Perspicuity, and Stimulation scales, and “Above Average” in
terms of Efficiency, Dependability, and Novelty scales. Furthermore, an analysis of the
distribution of answers per item revealed that the OCDT display is rated very positively for
learnability (M = 2.1) and efficiency (M = 1.9), while receiving neutral ratings for novelty
(M = 0.3) and predictability (M = 0.8) categories.

3.3. Open Feedback Interview

Participants’ open feedback was gathered about their experiences with and perceptions
of the display. The following subsections offer categorized presentations of occupants’
thoughts, expressed in their own words, organized around common emerging themes.
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3.3.1. Recognizing the Value of Visualizing Environmental Information

Generally, participants saw value in visualizing live environmental information to
help with their decision-making and comfort. The following feedback from occupants
is presented exactly as quoted. The number accompanying the letter ‘P’ indicates the
participant number; for instance, P5 signifies that participant number 5 provided the
quoted statement.

P5: “. . .actually really like it. So I suffer a lot from overheating really easily. So knowing
where is the cooler spot [of] the room, especially in [an] older building like this, was
actually very interesting to me. Because then I could be like oh well if that section [of the
room] is gonna be hot, I’ll just learn to avoid it more often. . .”

P19: “. . .I think it’s helpful information that would help me to choose a workspace that
would be comfortable. . .”

3.3.2. Desired Types of Information for Informed Occupancy Decisions

More than half of the participants stated that they want to be informed about different
types of indoor environmental conditions to make comprehensive decisions about how
they occupy the space. They emphasized that while temperature is a primary factor in their
thermal comfort decisions, additional information about indoor daylighting, humidity, air
movement, occupancy, or even social factors is necessary in the long term.

P19: “. . .but I do think it’s only like one factor that I considered. I don’t like cluster of
people coming [occupancy level], so I’d like to be more free. So I have to really consider
pros and cons like how crowded is it. Because I might prefer to be hot and free than
cooler and more restricted. That would be ideal to see both temperature and volume of
people . . .”

P11: “. . .[I] don’t know if you’re measuring the light levels. closing blinds or shades
would change the temperature but it might make the light level less ideal. For me, I like
natural light a lot. . .”

P24: “. . .so just kind of knowing like the air movement more, like what kind of work I’d
be doing here. Just knowing more about the situation than just temperature. . .”

3.3.3. Critique of Specific Information Presentation on the OCDT

Five participants stated that some information displayed on the OCDT does not
add value to the display, such as the graph showing absolute maximum and minimum
temperature values. They emphasized that the statistical graph showing the difference
between max and min values, in addition to the live thermal map, sufficiently conveys the
indoor microclimate information.

P18: “. . .at first glance, I didn’t know what does this graph [the bottom statistical graph
showing the absolute min and max values of temperature] represents. After you described
I understood. But not sure what it adds [to UI]. That one [the top statistical graph
showing differences between min and max] is really good. . ..”
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4. Discussion

Digital twins of buildings serve as a source of live operational information, primarily
utilized by building managers to inform data-driven decisions. However, as argued, this
approach leaves occupants, the main end-users of buildings, out of the decision-making
loop. In order to explore opportunities for occupant-centric building operation decisions,
the concept of an occupant-centric digital twin (OCDT) was developed and tested in
this research. In this paper, OCDT refers to a user interface designed specifically for
occupants, providing live operational information to inform their decision-making on how
they occupy the space. The initial prototype focuses on indoor temperature management to
enhance occupants’ thermal comfort, a crucial aspect that requires the direct involvement
of occupants in data-driven decisions. As discussed earlier, building occupants can have
different thermal perceptions and preferences due to their individual differences [31].
However, due to the indoor microclimate phenomenon, a space can also have varying
temperatures in its different locations at any time. Therefore, occupants were provided with
live information on the indoor microclimate and its spatiotemporal characteristics through
the OCDT display. The system demonstrated that multiple IoT sensors are effective at
capturing live indoor microclimate data, and the captured data can be visualized in the
form of a dynamic thermal map in a UI specifically dedicated to occupants. Occupants
could interact with the OCDT display to familiarize themselves with the temperature
differentials within the space and how they alter throughout a specific time.

Additionally, there appears to be a positive effect among occupants for this approach.
Based on qualitative interview results, participants generally expressed a positive atti-
tude toward their interaction with the digital twin display. However, the user interface
designed for the OCDT display has room for further improvements in interactions with
users, as mentioned by a few participants (Section 3.3). This approach requires no inter-
vention from FMs to be effective—it is entirely about the agency of individuals to choose
their seat—hence, it can augment existing organizational strategies without the need for
integration. The OCDT display is scalable to different types of buildings, including office
buildings, conference rooms, factory workplaces, commercial buildings, libraries, K–12
schools, or any other types of shared spaces. For example, in conference rooms with
collective users, the fast and effective inclusion of users in temperature decision-making
processes via an occupant-centric digital twin would be of high potential. Collective users
can have different thermal preferences, diverse clothing, and dissimilar activity levels,
which also change throughout the year. As another example, in school classrooms, users
can have different thermal satisfaction, clothing, or activity levels throughout the year,
and the occupants themselves change each semester. Thus, past semesters’ occupants’ pre-
ferred temperature data for HVAC control systems cannot be used to realistically predict
the future semesters’ completely new occupants’ temperature preferences. This aligns
with previous studies’ findings regarding the importance of real-time data in occupant
feedback [59] and decision-making processes [60].

Results from user thermal perception surveys administered before and after an intro-
duction to the OCDT display supported this paper’s preliminary assumptions. They also
demonstrated a significant effect of visualized indoor microclimate information through the
OCDT display on participants’ decisions about how to occupy the space; 20 out of 27 people
changed their chosen seating location after being provided with access to the OCDT display.
Hypothesis testing results also showed that with 95 percent confidence, 56 to 91 percent of
occupants who interacted with the OCDT display would change their seats. These results
emphasize that to meet occupants’ temperature preferences in shared spaces, an important
step before directly collecting occupants’ feedback data for temperature adjustments is to
inform them about the diverse conditions of their surrounding environment. This approach
aligns with the strategy of making data available to office inhabitants, as described by
New et al. [61].

The findings of this study did not reveal a significant effect of the change in location
affected by the information in the OCDT display on occupants’ thermal perception. One
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possible explanation for this is the individual differences in perception and preferences
relating to thermal comfort among users. For example, some occupants selected a warmer
area while others had the opposite preference. Even though the study was conducted in
the summer season, it cannot be concluded that the thermal information displayed on the
OCDT would necessarily increase or decrease how occupants perceive the temperature in
the space. This result confirms the challenges associated with meeting collective thermal
comfort in shared spaces due to the subjective aspect of individual thermal perception,
which is the primary discussion of this paper and is supported by previous studies [62,63].

Moreover, the findings identified a significant effect of visualized live information via
the OCDT display on occupants’ thermal satisfaction. Satisfaction levels among occupants
reliably increased in the second round, consistent with this paper’s main hypothesis. By
displaying information to occupants and empowering them to make an informed selection
about their desired seating location, their thermal satisfaction increased by at least 0.64
with 95 percent confidence. Similarly, positive and significant effects of the OCDT display
were found on occupants’ awareness of the indoor microclimate phenomenon and its
spatiotemporal characteristics. Taking all these results into consideration, the OCDT
display can offer valuable managerial insights into flexible thermal comfort strategies in
shared workspaces, such as ‘hot desking’. ‘Hot desking’ is an inclusion policy widely
accepted as a practice of allocating desks to workers as required or on a rotation, rather
than assigning each worker their desk [61]. ‘Hot desking’ offers various visual attributes to
occupants through different seating options, which has been demonstrated to significantly
influence how they utilize and navigate the workspace [64]. Consequently, the selection
of a seat becomes a crucial decision that influences occupants’ behavior in the office
space, highlighting the need for a mindful choice rather than a blind decision. The live
microclimate information provided through the OCDT display serves as a grounding factor
in informing occupants and implementing these managerial-level implications and policies
in the real world.

For future research directions, this paper’s ongoing investigation will progress beyond
the pilot phase, which presently concentrates solely on real-time temperature distribution
data within the OCDT display. Subsequent phases will enrich the OCDT by integrating
a wider array of data types, including live occupant feedback encompassing real-time
thermal satisfaction and thermal perception feedback spatially visualized in the format
of a 2D live thermal feedback map. While the current experiment focuses on individual
thermal comfort, it is recognized that workplace comfort is a collective concern. These
expanded studies will engage a larger participant pool, diverse occupant demographics
encompassing various age groups and demographic factors, and real-world tasks to assess
the effectiveness of the OCDT approach on a collective scale. The aim is to explore how the
OCDT display influences interactions, communications, and social dynamics among co-
occupants, crucial in making collective decisions regarding thermal comfort. Furthermore,
future plans involve conducting experiments in diverse workspace locations to evaluate
the scalability of the proposed workflow across different shared workspaces. Future
considerations may include developing the OCDT for personal devices based on occupant
feedback, though the current focus is on content development. Additionally, given the
extensive IoT data collected in this research, another future consideration is incorporating
AI technology [65,66] to provide predictive recommendations for occupants, offering
suggestions and information about the energy consequences of their interactions with
the environment.

5. Conclusions

This paper aimed to engage occupants in data-driven decision-making concerning
their thermal comfort. At this stage of the ongoing research, the focus was on occupants’
temperature-oriented preferences as the primary determinant of their thermal comfort.
Occupants were provided with a platform to discover existing microclimates in indoor
spaces that align with their thermal preferences. To achieve this, the OCDT display was
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proposed, which integrates accurate and reliable data collected through IoT sensors with
real-time data modeling. This combination creates a thermal map of microclimates and
a live UI to convey this information to occupants. Through an occupant study involving
27 participants in two rounds, it was explored how the OCDT display influences occupants’
choices in occupying open-plan workspaces to match individual thermal preferences. The
occupant study found that participants’ thermal satisfaction increased in the second round
due to informed seating decisions, driven by their awareness of live indoor temperature
information through OCDT. Numerically, the second-round satisfaction ratings were at
least 0.64 higher, with a 95% confidence interval. Many participants expressed a desire for
additional live information, such as indoor humidity, daylighting, and air movement, to
further enhance their decision-making process. Furthermore, future papers will delve into
the sociotechnical aspect of thermal comfort in shared workspaces.
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Appendix A

Table A1 presents a list of abbreviations used in this paper.

Table A1. Abbreviations List.

Abbreviation Meaning

API application programming interface
BIM building information modeling
EDA exploratory data analysis
FM facility management
FMs facility managers

HVAC heating, ventilation, and air conditioning
IRB institutional review board
IoT Internet of Things
M mean
µD mean difference

OCDT occupant-centric digital twin
O&M operations and maintenance

QR quick response
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Table A1. Cont.

Abbreviation Meaning

SD standard deviation
UEQ user experience questionnaire

UI user interface

Appendix B

Table A2 is the table displaying the user perception survey questions.

Table A2. User perception survey.

User Perception Survey Questionnaire Answer Choices

Q1: Which seat are you occupying right now?
Write the seat number.

Q2: How do you feel at this moment in terms
of temperature?

(a) Hot (+3),
(b) Warm (+2),
(c) Slightly Warm (+1),
(d) Neutral (0),
(e) Slightly Cool (−1),
(f) Cool (−2),
(g) Cold (−3)

Q3: How satisfied are you with the temperature
of the area you are in within the space? Very Dissatisfied □□□□□□□ Very Satisfied

Q4: If you are NOT satisfied, how would you
best describe the source of your discomfort?

(Check all that apply)

(a) Temperature too hot/cold,
(b) Humidity too high/low,
(c) Air movement too high/low,
(d) Incoming sun,
(e) Hot/Cold surrounding surfaces (floor,

ceiling, walls, or windows),
(f) Heat from office equipment, other.

Q5: If you are NOT satisfied, which of the
following would you adjust or control in this
room to increase your thermal satisfaction?

(Check any that apply)

(a) Window blinds or shades,
(b) Thermostat,
(c) Portable heater,
(d) Room air-conditioning unit,
(e) Portable fan,
(f) Opening/closing Windows, other.

Q6: How would you describe your activity level
just before completing this survey?

(a) Reclining,
(b) Seated Quiet,
(c) Standing Relaxed,
(d) Light Activity, Standing,
(e) Medium Activity, Standing,
(f) High Activity, other.

Q7: Did the display help you find a seating
location that was more comfortable for you?

(a) Yes,
(b) No

Q8: Did the animation help you make informed
deicides about where you would like to sit in this
space for the rest of the day if you had to occupy

this space for a long time?

(a) Yes,
(b) No
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Table A2. Cont.

User Perception Survey Questionnaire Answer Choices

Q9: Before this study, were you aware of the
indoor microclimate phenomenon?

(a) Yes,
(b) No

Q10: Did the display of a real-time map make
you fully understand/perceive the indoor

microclimate in this space right now?

(a) Yes,
(b) No

Q11: Before this study, were you aware of the
spatiotemporal aspect of the indoor

microclimate phenomenon?

(a) Yes,
(b) No

Q12: Did the animation make you fully
understand/perceive the spatiotemporal aspect

of indoor microclimate throughout the day?

(a) Yes,
(b) No

Q13: Do you think providing information about
indoor microclimate within a space, and giving
the ability to select seats based on that, would

increase your thermal comfort?

It would not increase at all □□□□□□□ It
would increase

Q14: Would you like to have this display be
developed for spaces you occupy in your normal

life, and displayed to you when you enter
those spaces?

I would not like it at all □□□□□□□ I
would like

Q15: If review the display with a score out of 7,
what score would you give? 1 □□□□□□□ 7
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