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A B S T R A C T

The evolving landscape of hybrid working necessitates a corresponding change in workspace design, yet the
understanding of the spatial and environmental design of flexible workspaces remains relatively limited. This
study investigates the association between workspace design and occupants’ behaviour and preferences and
builds a data-driven model to predict seat occupancy based on design features. Case study data collection process
spans over a year in a hybrid co-working space in London, forming a multi-domain integrated dataset including
sensor-detected occupancy, on-site measured and simulated environmental variables, computed spatial metrics
and human-voted preferences. The combined effects of thermal comfort (temperature and humidity), visual
comfort (artificial light and daylight exposure) and spatial metrics (connectivity and isovist field) are analysed to
understand their collective impacts on space occupancy and user preferences. Geo-spatial regression and auto-
correlation models are employed to explore associations at a grid level. Through cluster analysis, 61 seats are
categorised to four levels based on their occupancy and utilisation rates, and a supervised classification model
predicts occupancy levels using design variables. The study aims to present a data-driven analytical framework
for evaluating flexible workspace utilisation and demonstrate predictive capabilities by identifying associations
between environmental and spatial variables and occupancy patterns, offering a tool to guide evidence-based
design and management of flexible workspaces. The analysis underscores the significance of spatial and envi-
ronmental metrics, revealing that areas or seats with high spatial connectivity and larger visual fields tend to
attract more occupants. Additionally, environmental variables, such as temperature and daylight level, exhibit
positive effects on increased occupancy.

1. Introduction

The design of workspace has a significant impact on workers’ com-
fort, satisfaction, productivity and well-being [1–3]. In order to improve
space use and planning in office environments, it is valuable to under-
stand the relationships between occupants’ seat choice and design ele-
ments such as view, layout, seat type, environmental conditions and
spatial configuration.

Hybrid working patterns are expected to be mainstream for the
future of work [4–6], and as a result design adaptations to optimally
utilise office space are required. Hybrid work refers to a work model that
blends remote and on-site work, granting employees the autonomy to
choose their location based on task requirements and personal prefer-
ences. Flexible workspaces, characterised by adaptable layouts, shared
resources and a departure from traditional fixed-seating arrangements

with hot-desking and desk-sharing rules to accommodate dynamic work
patterns, have become popular options to accommodate hybrid working
[7]. Activity-based work provides a strategic design principle that di-
vides office space to a variety of settings tailored to specific activities. As
a result, occupants benefit from shifting open-plan office to
activity-based setups with an increased overall satisfaction level [8].

The change in work patterns and preferences has led to increasing
challenges in space planning for office spaces, resulting in more un-
certainties in design. While users switch to a flexible schedule of
working, they are also granted the freedom to choose among different
seats. As a result, users will exhibit space preferences in such scenarios.
An alternative office model that accommodates hybrid working includes
co-working space that has: easy local access; a dynamic and creative
environment; an adaptable and sharable layout; with flexible arrange-
ments and reduced costs [9,10]. Such co-working office spaces provide a
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Table 2.1
Summary of key literature about the relationship between space choice behaviour and design elements.

Reference Type of space Occupants’ behaviour-
related factors
(dependent factor)

Environment/design factors
(Independent factor)

Objective Major finding(s)

[19] Office • System-related
operation of light and
shade

• Occupancy level

• Outdoor and indoor
environmental conditions (solar
radiation, temperature, wind
speed, relative humidity and
illuminance)

Investigate the relationship
between occupancy,
environmental control behaviour
and environmental conditions

- Large differences in occupancy
patterns among different office
buildings are found.

- Shading and lighting control
behaviours are associated to the
internal and external environmental
conditions, especially with the
occupancy level, illuminance level
and solar radiation.

[20] Library • Spatial choice and
space use (collected
by survey)

• Environmental: temperature, air
movement, air quality, amount of
light, visual comfort, noise level,
sound privacy

• Spatial: accessibility to facilities,
amount of space, crowdedness,
distance from an entrance, visual
privacy

• Furniture: adjustability of
furniture, comfort of furnishing

• Human/social: ease of interaction
with friends

• Others: aesthetic appearance,
cleanliness

Analyse how space attributes
influence students’ spatial choice

- ‘Amount of space’, ‘Noise level’,
‘Crowdedness’, ‘Comfort of
furnishing’ and ‘Cleanliness’ are the
most important factors that influence
spatial choice behaviour

[21] Office • Knowledge sharing
behaviour (recorded
in interaction diaries)

• Spatial: collocation, proximity,
inter-visibility, hearing distance
and position in the building

Analyse the relationship between
layout metrics and meeting
behaviours

- Close proximity relates to an
awareness of each other and promotes
knowledge sharing.

[22] University
campus

• Group work activity
(collected by paper-
based survey)

• Environmental: noise level, light
level, distance from window

• Spatial: distance from the nearest
neighbour, walking time, degree
of enclosure

• Furniture: comfort of furnishing,
desk size

Develop a space-preference
model for group work activities

- Noise level is a significant attribute for
both individual and group work, while
lighting level, window view and
comfort of furnishing are more
important for individual work.

[23] Customer
lounge

• On-site observed
occupants’ behaviour
(seat preferences)

• Spatial: integration, isovist area,
connectivity

• Furniture type

Analyse the relationship between
spatial structure and observations
of space usage

- Seat preference is a complex
phenomenon, depending on the
degree of control, furniture type and
furniture directness.

[15] Office • User behaviour:
interaction and eating
(collected by
observation)

• Spatial: connectivity, distance to
circulation

Analyse the relationship between
where people choose to eat and
interact and the spatial
characteristics of the space

- There are no effects of local visibility
and distance to circulation on
interaction and eating activities.

[12] Higher
education
buildings

• Observations of
spatial choice

• Environmental: noise level, light
level

• Spatial: distance from the nearest
neighbour, distance to space,
degree of enclosure

• Furniture: comfort of furnishing,
desk size

Predict space-choice behaviour
with a focus on individual work-
related activities.

- The model provides good explanation
of spatial preferences, with the main
predictors of ‘noise level’, ‘desk size’
and ‘distance from nearest neighbour’.

[24] Library • Space choice
behaviour and user
satisfaction (collected
by questionnaire)

• Environmental: air movement,
air quality, amount of light, noise
level, sound privacy,
temperature, visual comfort,
window view

• Spatial: access to facilities,
amount of space, crowdedness,
distance from entrance, visual
privacy

• Furniture: comfort of furnishing
• Human/social: ease of interaction

Others: adjustability to
physical conditions, aesthetic
appearance, cleanness

Investigate the impacts of space
attributes on space-choice
behaviour and user satisfaction

- The effects of space attributes are
different for space choice and
satisfaction.
‘Amount of light’, ‘amount of space’

and ‘cleanliness’ have higher
influences on spatial choice.

[25] University
campus

• Spatial choice and
activities (collected in
time-use diaries)

• Environmental: noise level,
lighting level, distance from
window

• Furniture: desk size, comfort of
furnishing

• Other: walking time/distance

Validate the spatial-choice model
and examine the attributes of the
space-options for rejection cases.

- Close distance method could not
accurately predict the use of space.

- The application of six factors in space-
choice models could effectively
improve the accuracy of the
prediction.

- Temperature is an extra factor
demonstrated in the rejection case.

(continued on next page)
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valuable resource to examine occupants’ seat and space preferences in
order to reveal insights for the design of future workspaces. Addition-
ally, the data-driven methods hold immense potential to help form
evidence-based design solutions in this setup. The exploration of various
empirical data can contribute to the systematic evaluation of the office
space [11] and provide unique insights to improve the design.

This study assesses the design elements behind seat choice and oc-
cupancy level with quantitative evidence, drawing on a case study of a
hybrid flexible workspace in London. The investigated design indicators
include environmental measurements, spatial attributes and activity
preference votes, while sensor-detected occupancy represents the space
and seat preferences. The study starts by quantifying the grid-based
spatial correlation of different design parameters (including environ-
mental parameters of temperature, humidity and daylight as well as
spatial parameters such as isovist area) and occupancy level. The data of
seat choices are clustered based on the occupancy indicators, then a
supervised classification model is applied to predict the level of occu-
pancy for the seats.

This study intends to develop a spatial analytical pipeline with
machine-learning-oriented approaches to utilise quantitative data to
predict space preferences and occupancy. The novelty of this study lies
in:

- the unique and comprehensive dataset collected in a hybrid flexible
workspace for over a year, through occupancy sensors, environ-
mental measurements, simulation and computational spatial
metrics;

- integrating the datasets to understand and interpret the patterns of
occupancy;

- the application of geo-spatial and machine-learning-based methods
in the development of seat choice modelling and prediction.

The model helps predict the seat preferences and occupancy level
and understands the role of diverse design features behind it, especially
in the open seating area of a flexible and hybrid-working case. It in-
vestigates the interaction between workspace design and occupants’
behaviour and contributes to the improvement of space efficiencies [12]
and subsequently inform the space design and planning in such kind of
unique workspace.

2. Background: examining activities and seat choices in office
space

There are multiple studies of the association between seat choices,
human activities and different design factors in office environment
[12–17]. The spatial features of seats in open plan offices, like the
number of people in visual field and control of the environment, are
found to have an impact on the perceived teamworking and focused
working, especially for technology company [18]. The visibility features
like isovist area and connectivity are found to have a high predictive
effect on the distribution of movement activities [16]. Table 2.1 pro-
vides a summary of the relationship between the space choice behaviour
and design elements in the previous studies, to provide a thorough re-
view of the background. These studies demonstrate different levels of
interactions between environmental and spatial design elements and
occupants’ behaviour in offices.

Occupancy prediction models are classified to utilisation-based and
schedule-based types [12]. The analysis and prediction of
schedule-based occupants’ presence in office space mainly serve the
purpose of energy modelling [12,32,33–35]. Occupants’ space choice is
a complicated decision-making process. The spatial-choice models are
developed with multiple factors, based on users’ activities, behaviour,
the characteristics of space (e.g. distance, location, size and furniture)

Table 2.1 (continued )

Reference Type of space Occupants’ behaviour-
related factors
(dependent factor)

Environment/design factors
(Independent factor)

Objective Major finding(s)

[26] Business centre • Knowledge sharing
behaviour (collected
by questionnaire)

• Types of facilities and workspace Analyse the influence of the
physical work environment on
social networking and knowledge
sharing behaviours

- Lounge, meeting spaces and flexibly
used workspaces are important for
knowledge sharing.

[27] Office
(hybrid
working)

• Preferred seating in
hybrid workspace
(collected by survey)

• Environmental: closeness to
window, quietness, thermal
comfort, indoor air quality

• Spatial: openness, visual privacy,
closeness to facilities, closeness to
entry, seating arrangement

• Human/social: closeness to
manager, team member and
friends, interaction with
colleagues

Understand the ‘preferred
seating’ and productivity
constraints at work

- Interaction with people and closeness
to window are key considerations in
the preference of seat.

[28] Office • User behaviour:
interaction and
movement (collected
by observation)

• Spatial: visual mean depth, travel
concentration

Introduce the travel
concentration metrics to measure
targeted movement.

- The combination of travel
concentration and visual mean depth
have a significant predictive power on
the movement and interaction
activities

[13] Public cultural
centre and
public library

• User behaviour
(collected by sensor)

• Window view
• Size of social group

Associate indoor design elements
with social behaviour

- The change of window view has led to
a change in the seat preference
behaviour

[29] University
campus

• Occupants’ activity
(Wi-Fi data)

• Thermal comfort Develop an agent-based model of
building occupants’ activities and
thermal comfort

- Some buildings are preferable due to
their proximity to other amenities and
desirable indoor thermal environment

[30] Office • Movement of
occupants
(simulation)

• Environmental: outdoor and
indoor temperature, acoustic
performance

Develop an integrated platform
to enable the joint simulation of
building-occupant interactions

- Occupant-centric data of temperature
and noise level recorded in the
movement simulation

[31] Offices and
institutional
building

• Space use and activity
in flexible setup

• Spatial: space type, space
number,
Environmental: sound

insulation, visual privacy,
Furniture: furniture

arrangement, equipment
arrangement, equipment feature

Establish a framework for
automating space-use analysis,
which predicts and updates the
utilisation of flexible spaces by
incorporating user activities

- The study presents an automated
analysis framework based on the
performance of suggested design
factors
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Fig. 1. Framework of data and methods.
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[36], spatial visual attributes [16], human cognition and environmental
psychology [37].

Previous studies emphasise the importance of developing a system-
atic way to collect and analyse data and understand occupants’ space
preference [12,11]. The common data collection methods to investigate
indoor occupancy and design mainly include sensor-detection and
measurement [12,13] and subjective survey [7,11]. The analytical
methods are diverse. The statistical models like multiple ordinal
regression [18] and the discrete choice model [12] are utilised to
investigate and derive the preference for space and seats. Multi-agent
models are also an option to encode the decision-making rules in user
behaviour and activities [34,37-40]. The geospatial analysis has been
widely performed at the urban scale, while the potential of creating,
managing and mapping indoor geospatial data to analyse and utilise the
interior space use have not been fully realised [41]. Particularly for the

office environment, indoor spatial analysis could be applied to under-
stand the space use and environmental conditions, create data-driven
design insights, improve space efficiency, enhance the user experience
and optimise space operation and facility maintenance (ArcGIS [42,
43]). At the same time, there have been fewer reported applications of
machine-learning models in the prediction of space choice.

Additionally, while the previous studies about workspace design are
mainly conducted in the work or study space like open plan [18,44] and
private offices [13,3] and public library [20,37,13], the hybrid and
flexible work setup is a relatively new concept that is less studied. As it is
an emerging type of workspace as a response to the advancement in
technology and the impacts of the pandemic, the study of occupancy and
activity pattern is essential to inform the design of new types of work-
space [45] as well as the refurbishment of existing offices. Therefore, a
potential gap for the application of novel approaches in a novel

Fig. 2. Basic site information: (a) site plan and (b) site photos.
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workspace setup is identified for the presented investigation in this
manuscript.

3. Data and methods

Fig. 1 illustrates the framework of data and methods applied in this
study. This section introduces the site information, data collection
process and analytical methods and models. In this study, the major
hypothesis is that, environmental, spatial and behavioural factors
significantly influence workspace occupancy patterns. Specifically, the
study proposes: 1) environmental qualities (such as air temperature
humidity and daylight) and spatial factors (like isovist and connectivity)
can affect overall space occupancy; 2) environmental condition, spatial
metrics and human preference for seat type can influence the seat uti-
lisation. These hypotheses guide the analysis framework and inform the
interpretation of our findings. Therefore, two sets of analysis were
performed at grid level and seat level. The grid-level analysis is per-
formed with 1307 half-meter grids across the whole space to detect the
spatial pattern, while seat-level analysis involves the prediction of

occupancy level of seats around the site with a supervised classification
model.

3.1. Site information

The case study in this manuscript is a co-working space in London,
UK, with the site plan and photos shown in Fig. 2. This is a multi-
functional space operating from 9am to 5pm on weekdays, which
serves as a co-working hub, an exhibition and event venue and a local
café. The space is composed of two floors, with a maximum capacity of
70 to 80 people: the ground level is a vibrant café area, featuring an open
workspace and a reception, while the basement level is designed to cater
to diverse meeting requirements, with two enclosed meeting rooms and
flexible open spaces suited for various gatherings. The case study space
has a reservation system for meeting rooms but does not have a reser-
vation system for individual workstations.

As the first step, our previous studies [46,45] focused on predicting
occupancy schedules and analysing occupancy patterns based on
sensor-detected occupancy and on-site activity observation datasets.

Table 3.1
Definitions of all parameters in the analysis.

Category Analysis
level

Feature Acronym Source Note and Explanation

Occupancy Grid/seat
level

Kernel density estimation
of the occupancy level

O_KDE Sensor-
detection

The distribution of occupancy level around the space after processing by
kernel density estimation [45]

Seat level Hourly seat utilisation
rate

SU Sensor-
detection

The percentage of occupied time over a total period, at a granularity level of
hour [45].

Environment Grid/seat
level

Air temperature AT Measurement Unit: degree celsius ( ◦C), measured by Kestrel 5700

Grid/seat
level

Wet bulb temperature WBT Measurement Unit: degree celsius ( ◦C), measured by Kestrel 5700

Grid/seat
level

Relative humidity RH Measurement Unit: %RH, measured by Kestrel 5700

Grid level Daylight factor DF Simulation Daylight factor is a measure to quantify the amount of natural daylight
received inside a room relative to the available external daylight under
overcast sky conditions [50].

Grid level Daylight autonomy DA Simulation Daylight autonomy is a metric assessing the proportion of occupied hours
during which natural daylight meets the target illuminance at a specific
point within a space [51].

Grid/seat
level

Mean day lux MDL Simulation Mean illuminance is the average illuminance across the occupied floor space
during all hours [52].

Seat level Work surface Illuminance Illuminance Measurement Illuminance indicates the amount of light received on the surface, measured
by light meter. Unit: lx.

Seat level Access to window Dist_window Computation The access to window is represented by the calculated Euclidean distance
from the seat to the nearest window.

Spatial Grid level Connectivity \ Computation (Visual) Connectivity indicates the count of other cells within a isovist
polygon (UCL [53]).

Grid level Isovist area IA Computation Isovist area refers to the area enclosed by the isovist polygon, with its origin
point at the center of the grid [54].

Grid level Through vision TV Computation Through vision is the number of lines of visibility between all other visible
cells [55].

Grid level Visual Integration VI Computation Visual integration represents the visual distance from all spaces to all others
(UCL [53]).

Seat level Degree \ Computation Degree is the count of people/seats potentially situating in someone’s
proximity and directly visible, calculated as the number of desks/seats
within a seat’s 360◦ isovist field [18].

Seat level Outdegree \ Computation Outdegree is the number of desks/seats within a seat’s forward facing (170◦)
isovist field [18].

Seat level Density \ Computation Density represents the relative number of seats in someone’s desk
neighbourhood, calculated as the ratio of degree and 360◦ isovist area [18].

Seat level Access to entrance/exit Access_E Computation The distance of travel path from the seat to entrance and exit, computed
based on network analysis.

Seat level Access to facilities Access_F Computation The distance of travel path from the seat to toilets (located in basement),
computed based on network analysis.

Seat level Share \ Computation Inverse of the number of seats around a table.
Seat level Footprint \ Computation The size of a seating area, with a unit of m2

Human
preference

Seat level Vote for general
preference

V_Pref Survey Votes for the seat as the general preference

Seat level Vote for focused work V_Work Survey Votes for the seat for focused work
Seat level Vote for online meeting V_OM Survey Votes for the seat for online meeting
Seat level Vote for in-person

meeting
V_IM Survey Votes for the seat for in-person meeting

Seat level Vote for informal chat V_Chat Survey Votes for the seat for informal chat
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These studies revealed that peak office use occurs on Tuesdays,
Wednesdays and Thursdays and established a basic connection between
activities and seat preferences. Additionally, as the second step, a lon-
gitudinal survey with on-site measurements was conducted to under-
stand subjective environmental perceptions, highlighting a strong
preference for seats with good daylight, ventilation and reduced noise
levels reported by survey participants [47,48]. This study builds upon
the previous research, which separately examined the occupancy
pattern and subjective environmental preferences. The current work acts
as a synthesis, integrating the evidence into a comprehensive framework
to model their combined effects on workspace utilisation. Unlike prior
studies that focused on individual dimensions, this study uniquely em-
ploys multi-level analyses (grid-level and seat-level) to predict occu-
pancy patterns, offering novel insights into the interplay between design
factors and user behaviour in the case study setting.

3.2. Data collection and data curation

Four types of quantitative parameters in the site are combined and
applied in the analysis. These data range from the sensor-detected oc-
cupancy, on-site environmental measurements, computed spatial met-
rics and survey-collected human preferences. Table 3.1 summarises the
data involved with explanations and level of analysis. The selection of
features is mainly informed by previous studies [12,14,16,18,49], also
determined depending on the availability of information from the site.

3.2.1. Sensor-detected occupancy data
The occupancy data is collected through the 17 installed PointGrab

sensors around the case study area, which records the timestamped x-y
coordinates of each occupant at one-second intervals. The sensors have a
high accuracy level of over 95 % [56]. The data was collected from
around mid-April 2021 to early February 2023, encompassing a period
of approximately one year and nine months. The exploratory analysis of
the occupancy data has been presented in previous works, in which the
more detailed description about data collection process were described
[46,45]. Additionally, the location of occupancy sensors is mapped in
the Appendix A.

Kernel density estimation (KDE) is applied to smooth the localised
density of occupancy and represent the concentration of occupancy [14,
57], as the original recordings of occupants’ locations in the x-y coor-
dination system are continuous and need to be transformed to generate
occupancy values for seats and grids. The computed KDE values (O_KDE)
are extracted for both each grid and each seat for further analysis.
Meanwhile, the utilisation rate of each seat (SU) is calculated as the
percentage of occupied time over total time duration at the hour level
[45,58]. A seat is classified as ‘occupied’ when an occupant is detected
by the sensor within a 0.5-meter radius of the seat at any time instance
[45].

3.2.2. Environmental variables
The on-site measurements of environmental conditions were moni-

tored once a month from March 2022 to February 2023. Five Kestrel
5700 environmental instruments (Kestrel [59]) were placed around the

Fig. 3. Seat types listed in the survey.
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space and record readings for a whole day from 9:30 to 17:30, and the
example of sensor location is illustrated in Appendix A with the
descriptive data of initial recordings and heatmaps. The sampling fre-
quency of the original dataset is 30 s, which means the environmental
parameters are recorded once in every half-minute. The measured
environmental data, mainly including air temperature (AT), wet-bulb
temperature (WBT) and relative humidity (RH), was then interpolated
with spatial kriging methods [60] to derive grid-specific and
seat-specific values for analysis.

Work surface illuminance (referred to as ‘illuminance’) was
measured throughout a single day around the March equinox 2022, for
four times for each seat with a URCERI light meter, capturing a com-
bined effect of artificial lighting and natural light conditions. The
average value was then calculated to represent the illuminance level for
each seat. Additionally, the daylight level around the space was simu-
lated in Climate Studio v1.9 [52], via Grasshopper in Rhino 7. The
simulation uses Typical Meteorological Year (TMY) weather files for
London City Airport, the nearest weather station, with standard building
material properties like concrete exterior walls, beige flooring, white
walls and clear glass window. The mean illuminance level (MDL),
daylight autonomy (DA) and daylight factor (DF) were extracted from
simulation for the grids and seats. Meanwhile, the Euclidean distance to
window (Dist_window) for seats is computed to indicate the accessibility
to window.

3.2.3. Computed spatial metrics
Several spatial metrics were computed based on the network analysis

and visibility field analysis (VGA) [61,55]. Visibility graph analysis
explores the characteristics of a visibility graph created from a given
spatial environment [55]. VGA is an extension of an earlier concept of
isovist, which is defined as the collection of all points visible from a
specific vantage point in space [62,63]. The shape and size of isovist
normally change with position in the space. The analysis of isovist helps
understand the spatial characteristics of environments, especially
regarding the aspects of view control and privacy, and how these in-
fluence human behaviour and preferences [64]. Isovist polygon is
formed by the edges of the visible area, while isovist area represents the
total area within an isovist polygon. In this study, the computed metrics
from grid-based VGA (0.5 × 0.5 m grid) in DepthMapX [65] include
connectivity, isovist area (IA), integration (VI) and through vision (TV),
at eye-level (1.5 meter) to examine what individuals can see (UCL [53]).
The detailed definitions and explanations given in Table 3.1.

In addition, seats are characterised by the number of people sharing a
table (referred to as ‘share’) and the size of the seat (‘footprint’). Share is
the inverse of the number of people or seats around one table. Footprint
represents the size of seat by dividing the occupied area of a table with
the number of seats around the table. The seat-specific spatial metrics
are computed based on the metrics applied in a previous study, with a
reference to the social network analysis [18,66], including degree,
outdegree and density (see Table 3.1 for the specific definitions of each
feature). Meanwhile, the access to the entrance/exit (Access_E) and key
facilities (mainly toilets) (Access_F) are represented by the computed
travel distance to the places, based on the network analysis package

[67]. As the reception is very close to the entrance, the access to
reception is not calculated separately.

3.2.4. Survey-collected preference of seats and activities
Previous studies discuss the importance of activities in space choice

and management [12,68]. A questionnaire survey about the work pat-
terns and workspace preferences was conducted in summer 2022, while
seat preferences regarding different office activities were enquired in the
questionnaire. The ethics approval for the survey was granted by the
Faculty of Architecture and History of Art Research Ethics Subcommit-
tee at the University of Cambridge. A total of 456 people responded to
the questions about ‘Which seat would you normally use/want to choose
(for different activities)’, with the photos of seats around the case study
site (Fig. 3) shown in the questionnaire (Questions attached in Appendix
B). The activities suggested in the questions include ‘in general’, ‘do
focused work’, ‘have online meetings’, ‘have in-person meetings’ and
‘chat with colleagues’. The votes for different types of seats were
collected and assigned to each seat to represent the attractiveness of
seats for different activities. Each respondent could choose a maximum
of five and a minimum of three seat types in each question.

3.3. Analytical methods

The study utilised both grid-level and seat-level analyses to capture
space use patterns at different scales. The grid-level analysis looks at the
occupancy pattern and features across the whole space, at a 0.5 × 0.5 m
grid structure, investigating collective spatial trends and environmental
impacts across the space and attempting to take proximity effects into
account with geo-spatial models. The seat level analysis examines the
seat preference by synthesising the utilisation rate and occupancy level
of each seat, focusing on granular details of individual seating prefer-
ences and highlighting localised interactions between users and the
immediate environment.

Prior to the analysis, some essential data processing steps like nor-
malisation (max-min normalisation) and Pearson correlation matrix are
applied. Most of the analysis and computation process are realised
through python 3 [69], with the packages of scikit-learn [70], geo-
pandas [71], statsmodel [72] and pysal [73].

3.3.1. Grid-based analysis: preference for space
The distribution of occupancy with the corresponding design fea-

tures is investigated across the space with a grid structure, with a total of
1307 half-meter square grids across the whole site. The grid-structure is
commonly applied in the spatial analysis of the concentration of occu-
pancy and activities in interior environment, especially for office spaces
[14]. The 0.5 × 0.5 meter grid size is selected as it provides a good level
of detail without over-generalisation. Two explanatory regression
models are applied to construct the relationship between spatial and
environmental features and occupancy level of grids: one is the typical
multivariate linear regression model, and the other is geographically
weighted regression (GWR) model. Prior to the GWR, a set of spatial
tests is performed to examine the bivariate spatial autocorrelation with
Global Moran’s I [74].

Table 3.2
OLS model comparison.

Variables R-
squared

Adjusted R-
squared

Akaike information
criterion (AIC)

Bayesian information
criterion (BIC)

Log-
likelihood

Jarque-Bera
(JB)

Condition
number

OLS
Model 1

10 variables: AT, WBT, RH, DF,
DA, MDL, Connectivity, IA, TV, VH

0.094 0.087 − 1497 − 1441 759.73 9963.933 1190

OLS
Model 2

6 variables: AT, RH, DA, MDL, IA,
TV

0.070 0.066 − 1471 − 1435 742.55 8915.293 23.2

OLS
Model 3

5 variables: AT, RH, DA, MDL, IA,
TV

0.063 0.060 − 1463 − 1432 737.62 9216.588 20.6

OLS
Model 4

4 variables: AT, RH, MDL, IA 0.068 0.065 − 1472 − 1446 741.00 8740.164 17.7
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The explanatory ordinary least squares (OLS) regression is first
applied to examine the correlation between the independent variables of
environmental and spatial features and the dependent variable of KDE
occupancy and identify suitable variables for further analysis [75]. OLS
model minimises the sum of squared differences between the observed
dependent variable and the output of the linear function of the inde-
pendent variable. There are ten tested independent variables, including
AT, WBT, RH, DF, DA, MDL, connectivity, IA, TV and VI. Pearson cor-
relation matrix is used to examine the strength of the linear relationship
between the variables and help narrow down the range of variables.

The tested combination for best-fit model and the statistical metrics,
such as R-squared, Akaike information criterion (AIC), Bayesian infor-
mation criterion (BIC) and Jarque-Bera (JB), are reported in Table 3.2.
For the first model with all ten variables, the presence of multi-
collinearity is detected with a high condition number of 1190, indi-
cating a high possibility of model error caused by the change of constant.
Therefore, Model 1 is considered not acceptable, and the variables need
to be reduced. Model 2, 3 and 4, with six, five and four independent
variables respectively, show relatively low R-squared and adjusted R-
squared values with significantly decreased condition numbers
compared to Model 1. As a result, the selected model (Model 4) has four
independent variables of AT, RH, MDl and IA with a constant variable.
This model has the advantage of the lowest AIC, BIC and JB values with
acceptable R-squared and adjusted R-squared values among Models 2, 3
and 4. However, the relatively low R-squared value of the model in-
dicates further exploration may be required regarding the regression
relationships, while spatial correlations are introduced in the analysis as
the subsequent step.

The spatial autocorrelation index Moran’s I involves the identifica-
tion of spatial clusters. The univariate Global Moran’s I is used to
examine the spatial pattern for occupancy level. The spatial weight is
constructed by identifying the polygons or grids that share at least one
vertex. While the null hypothesis is the spatial randomness, the signifi-
cance level is determined based on the permutation test, with 999 per-
mutations applied in this analysis. Global Moran’s I is expressed by the
equation [76]:

I =
∑

i
∑

j
(
wij zi⋅zj

/
S0
)

∑
i(zi2/n)

w weight
z variable derivation from the mean
S0 sum of all weights
n number of observations
i, j locations
Bivariate Global Moran’s I is also applied to examine the spatial

correlation between occupancy level and other design variables. It ex-
plores the correlation between one variable and the spatial lag of the
other variable. Bivariate Global Moran’s I is given as follows [74]:

IB =

∑
i
∑

j

(
wij yj⋅xi

)

∑
i(xi2)

w weight
x, y variables derivation from the mean
n number of observations
i, j locations
This step also assists the decision of carrying out the analysis with

GWR [75]. While OLS regression assumes a universal constant rela-
tionship among all variables, the GWR takes the spatial variations into
the regression modelling to develop spatially varying relationships [77].
At an analysed location i, the dependent variable yi can be expressed as:

yi = βi0 +
∑p

k=1

βikxik + ϵi

k k-th dependent variable

βi0 intercept coefficient
βik correlation coefficient
ϵi random error the inputs of n× k matrix X of variables and k× 1

matrix y of dependent variables, the above correlation equation can be
rewritten in a matrix form to account for the spatial variation as:

β̂ i =
[
XTWiX

]− 1XTWiy

Wi is weight of the variable at each location correlate to the current
location i, and determined by bandwidth.

It recognises and accounts for spatial variations by assigning
different weights to observations based on their proximity to the loca-
tion of interest [77]. This analysis is progressed with the 748 grids on the
ground floor, as the ground floor exhibits more spatial variations with
diverse seating types and design features. A bandwidth of 51 is deter-
mined with ‘gaussian’, ‘AIC’ and ‘corrected Akaike information criterion
(AICc)’ as the selection criterion. The use of geo-spatial methods like
GWR and Moran’s I is particularly effective in this case because they
address the spatial heterogeneity of the relationships between variables,
which is highly relevant in spatially complex environments.

3.3.2. Seat-based analysis: preference for seats
There are a total of 61 seats included in the seat-level analysis. The

seats in enclosed meeting rooms are excluded, as they are only available
with the reservation in some cases. The use of meeting rooms may not
reflect the free selection of seats. The combination of unsupervised
clustering model and supervised classificationmodel has proved to be an
effective way to develop feature-oriented prediction model [78]. In this
study, a clustering model helps to label the seats based on the level of
occupancy, and a classification model is applied to formulate the pre-
diction of occupancy.

As the first step, the unsupervised machine learning method of k-
means clustering model, with features of KDE occupancy and utilisation
level, is used to assign the label for occupancy levels. k-means clustering
is a straightforward method that creates clusters by computing the dis-
tance between points to maximise the between-cluster within-group
similarity and minimise the between-group differences [79]. The clus-
tering process generates four clusters of seats with different occupancy
levels, from high occupancy to low occupancy, while the number of
clusters is selected based on the inertia values plotted by the elbow
curve.

Four different supervised classification algorithms, including a de-
cision tree classifier, an extra trees classifier, a random forest classifier
and a bagging classifier based on the random forest classifier [80,81],
are applied to predict the seat preference and choice with the seat-level
features. Decision tree classifier constructs a tree-like structure through
a process of selecting the best features to split the data at each node in
the tree, derive the corresponding outcomes at each branch with a label
at the leaf node. Random forest classifier combines multiple decision
trees and merges their prediction to improve accuracy and robustness.
Each tree in the forest is constructed with a random subset of the
training data and a random subset of features for decision-making, while
the final prediction is generated by synthesising the results from indi-
vidual trees. Extra trees classifier further randomises the tree-building
process compared to Random Forest. Bagging is a further ensemble
process to train the models independently in parallel on different
random subsets of the data. It is applied on the random forest model to
improve the stability and accuracy of the model while reducing model
variances and overfitting. In this case, a train-test-split of 0.2 is applied,
with 20 % of test size and 80 % of train size for the models. The per-
formances of the models are compared to select the appropriate pre-
diction model. Additionally, the feature importance is then extracted to
analyse the contribution of different design factors in predicting the
occupancy labels.
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4. Results

The result section of the study is composed of three parts, the
descriptive data and correlation analysis, the grid-level regression
analysis and the seat-level occupancy classification and predictions.

4.1. Descriptive data

4.1.1. Descriptive data by features
The descriptive data of grid-level and seat-level features are

presented in Tables 4.1 and 4.2. At the grid level, there are a total of
1307 grids involving in the analysis, with 748 on the ground floor and
559 on the basement. A total of 61 seats are included in the seat-level
analysis with the seats in the two enclosed meeting rooms excluded
from the analysis.

At the grid level, the mean KDE occupancy is relatively low at
0.00306, with a range from 0 to 0.0399, while O_KDE at the seat level
has a higher mean value at 0.0103 as the seats have more concentrated
occupancies. The highest seat utilisation rate is at 87 %, while the lowest
is less than 1 %.

Table 4.1
Descriptive data (Grid-level).

Category Features Mean Standard deviation (std) Min Max 25 % (Q1) 50 %(Q2) 75 % (Q3)

Occupancy O_KDE 0.003 0.006 0.000 0.040 0.000 0.001 0.004
Environment AT ( ◦C) 22.24 0.37 21.86 22.88 21.86 22.24 22.63

WBT ( ◦C) 15.15 0.26 14.86 15.49 14.86 15.27 15.38
RH (%RH) 46.83 0.53 45.25 47.71 46.45 47.10 47.10
DF 0.008 0.018 0.000 0.176 0.002 0.003 0.005
DA (%) 0.14 0.22 0.00 0.91 0.01 0.05 0.18
MDL (lx) 285.69 753.33 0.00 7545.82 53.41 86.64 179.51

Spatial metrics Connectivity 1872.32 905.01 105.00 3042.00 1321.00 2348.50 2729.00
IA 117.90 57.10 6.29 191.13 83.13 146.99 172.09
TV 38,844.17 41,646.63 0.00 148,969.00 7105.75 30,239.50 66,067.50
VI 32.22 16.03 5.81 84.23 19.62 35.11 45.62

Table 4.2
Descriptive data (Seat-level).

Category Features Mean Std min max 25 % (Q1) 50 %(Q2) 75 % (Q3)

Occupancy O_KDE 0.010 0.010 0.000 0.044 0.004 0.007 0.011
SU 0.47 0.24 0.01 0.87 0.28 0.48 0.67

Environment AT ( ◦C) 22.37 0.39 21.86 22.88 21.86 22.52 22.71
WBT ( ◦C) 15.20 0.23 14.86 15.45 14.86 15.35 15.38
RH (%RH) 46.62 0.67 45.25 47.64 46.14 46.67 47.10
MDL (lx) 281.05 460.64 17.43 2688.87 59.08 121.35 286.21
Illuminance (lx) 120.25 71.27 27.80 360.70 68.15 96.77 149.48
Dist_window (m) 2.94 1.87 0.48 7.18 1.66 2.51 3.88

Spatial metrics Degree 27.23 9.54 10.00 40.00 19.00 27.00 37.00
Outdegree 14.93 8.02 3.00 31.00 9.00 14.00 20.00
Density 0.19 0.04 0.11 0.30 0.17 0.21 0.22
Access_E 16.16 6.44 4.04 27.32 11.84 15.04 23.09
Access_F 12.28 3.18 7.01 18.38 9.62 11.84 15.23
Share 0.30 0.24 0.10 1.00 0.17 0.25 0.33
Footprint (m2) 0.96 0.33 0.45 1.60 0.67 1.00 1.23

Human voted preferences V_Pref 133.56 48.41 66.00 206.00 90.00 141.00 153.00
V_Work 113.80 39.85 45.00 194.00 103.00 121.00 144.00
V_OM 96.49 25.89 54.00 138.00 79.00 92.00 126.00
V_IM 113.49 39.47 45.00 169.00 76.0 110.0 149.0
V_Chat 140.30 82.05 38.00 292.00 60.0 172.0 199.0

Fig. 4. Distribution of preference votes across different seat types.
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The air temperatures within the space range from 21.86 ◦C to 22.88
◦C, with an average of 22.24 ◦C. Average RH values span from 45.25 %
to 47.71 %. Daylight factor analysis yields an average of approximately
1 %, suggesting relatively insufficient daylight across the space, except
for specific areas near windows that receive much higher daylight
exposure. Worksurface illuminance is relatively low, averaging 120.25
lx, falling below the recommended 300–500 lx for a typical office
workstation. The average distance of seats to windows is 2.94m, ranging
from 0.48 m for the closest seat to 7.18 m for the furthest one.

The grid-level spatial metrics, including connectivity, IA, TV and VI,
exhibit significant variation before normalisation. At the seat level, the
mean degree is 27.23, while the average outdegree is around half of the
degree value at 14.93, as visual field size of outdegree is approximately
halved compared to the degree. Travel-related metrics offer insights into
spatial accessibility. The mean travel distance to the entrance, averaging
16.16 m with a range of 7.01 m to 27 .32m. The mean distance to toilets
is 12.28 m, with variations from 7.01 m to 18 .38m. The average foot-
print of seats is 0.96m², with diverse seat sizes ranging from the largest
at 1.6m² to the smallest at 0.45m².

Human-voted preferences reflect people’s inclinations when select-
ing seats for various activities. The site features twelve seat types, and
Fig. 4 illustrates the voting results. Notably, Seat Types A and E emerge
as the most popular choices, garnering the highest overall votes. These
two are the tables shared by four people and ten people respectively. For
focused work, type D, the semi-enclosed seat for only one person to use,
gains the highest vote. Type B, the sofa seats, stands out as the preferred
choice for informal chats.

4.1.2. Correlation matrix
Understanding the correlation between features is important to

reveal the inherent relationship between features and select features in
regression models. The Grid-level correlation matrix is shown in Fig. 5.
The correlations between occupancy level to other variables are rela-
tively low with absolute values less than 0.25, indicated that the use of
single variable may be not sufficient to predict the occupancy level. At
the same time, it could be seen that many of the variables within the
same feature categories are closely related, as expected. For example, in
the environment group, WBT and AT show a high correlation at 0.9,

while WBT is less negatively correlated to RH compared to AT because
the humidity level is relatively low around the space. DF, DA and MDL
are highly correlated with each other, and the correlation is particularly
high between DF and MDL at 0.95. For spatial metrics, there is a nearly
perfect correlation relationship between connectivity and IA. The cor-
relations between VI and IA/Connectivity are also high at 0.91, while TV
and VI are slightly less correlated with the value of 0.76. These corre-
lation results indicate the potential multi-collinearity existing when
performing the regression analysis, and the number of input indepen-
dent variables could be reduced as some variables could replace each
other.

4.2. Grid-level analysis

4.2.1. Ordinary least square regression
The results of OLS model with four features for all grids are

demonstrated in Table 4.3. The environmental parameters of AT, RH
and MDL have negative coefficients, indicating the spaces with high
temperature, high humidity and high daylight level may be less occu-
pied. However, the coefficient of AT is not considered significant with a
high p-value. Meanwhile, the spatial feature, represented by IA, has a
positive coefficient with a low p-value (p < 0.01). It shows that the high

Fig. 5. Correlation matrix of occupancy, environmental and spatial parameters (grid-level).

Table 4.3
OLS results (4 variables), for all grids.

Coefficient Standard
error

t P-value (P>|
t|)

Constant 0.107* 0.024 4.506 0.000
AT − 0.0031 0.025 − 0.125 0.900
RH − 0.1056*** 0.032 − 3.304 0.001
MDL − 0.0664* 0.040 − 1.667 0.096
IA 0.0681*** 0.020 3.422 0.001
R-squared 0.068
Adjusted R-
squared

0.065

**p < 0.05.
* p < 0.1.
*** p < 0.01.
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spatial connectivity is associated with high occupancy level. The R-
squared value of the model is 0.068, which means the four independent
variables could only explain 6.8 % of variations in KDE occupancy level.

4.2.2. Detection of spatial pattern
Global Moran’s I and bivariate Moran’s I are applied to examine the

spatial autocorrelation patterns for the grid-level dataset. Table 4.4
demonstrates the global spatial autocorrelation results with the Moran’s
I values, pseudo p-value and z-score with 999 permutations. The single-
variate Moran’s I is applied to examine the spatial autocorrelation of the
occupancy level, with a positive value of 0.508, indicating a relatively
strong and significant autocorrelation. The bi-variate Moran’s I values

between the KDE-occupancy level and design features detect the exis-
tence of significant spatial correlations. The environmental variables
like AT and WBT and spatial metrics of connectivity, IA, TV and VI have
positive spatial correlations with the occupancy level, while the
daylighting and humidity features have negative spatial correlations
with the occupancy level. The high occupancy grids are situated in the
area that is more spatially connected and has a higher temperature.

4.2.3. GWR for ground floor
GWR is applied to capture the spatial variations in the regression, as

the explanatory power of OLS regression results are relatively limited.
Table 4.5 demonstrates the result of the global model and the GWR
model with only the grids on the ground floor. The global model for
ground floor shows a slightly different tendencies compared to the
previous OLS model for the whole space. The major difference is the
positive coefficients of AT and RH, indicating the grids with higher
temperature and humidity level tend to attract more occupants on the
ground floor, but the coefficient of RH is not statistically significant.

The application of GWR has significantly improved the explanatory
power of the model, from a R-squared value of 0.067 in OLS model to
0.582 in GWRmodel. The performance of the GWRmodel also improves
with the decreased AIC and BIC values. The sum of squares of residuals
in the GWR model is reduced to 8.893 from 19.839 in the OLS model.
Fig. 6 shows the variations of local R-squared values and the intercept
values in the space. Fig. 7 visualises the local spatial variation of co-
efficients around the space from the GWR model, which enables a closer

Table 4.4
Results of Global Moran’s I and bivariate Moran’s I.

x y Moran’s I P-value Z-score

Univariate O_KDE 0.5078 0.0000 35.9260
Bivariate O_KDE AT 0.2248 0.0010 11.6904

O_KDE WBT 0.1694 0.0010 9.2737
O_KDE RH − 0.2132 0.0010 − 11.5892
O_KDE DF − 0.0786 0.0010 − 4.2066
O_KDE DA − 0.0947 0.0010 − 5.0765
O_KDE MDL − 0.0865 0.0010 − 4.5300
O_KDE Connectivity 0.1939 0.0010 10.5280
O_KDE IA 0.1935 0.0010 10.3247
O_KDE TV 0.1716 0.0010 8.9281
O_KDE VI 0.2072 0.0010 11.0045

Table 4.5
Results of GWR, ground floor.

Global model (OLS) Geographically weighted regression (BW=51)

Coefficient Standard error t P-value (P>|t|) Mean STD Min Median Max

Constant − 0.161 0.114 − 1.416 0.157 4.630 22.281 − 99.242 1.442 94.633
AT 0.187* 0.099 1.884 0.060 − 5.006 19.438 − 88.897 − 2.052 95.883
RH 0.031 0.081 0.379 0.704 − 4.555 13.412 − 52.869 − 1.936 54.670
MDL − 0.011 0.089 − 0.122 0.903 2.656 30.548 − 130.474 − 0.111 202.109
IA 0.146*** 0.032 4.501 0.000 1.587 9.398 − 72.558 0.015 72.200
R-squared 0.067 0.582
Adjusted R-squared 0.062 0.522
AIC − 582.300 − 1002.035
BIC − 559.200 − 562.212
Log-Likelihood 296.170 596.271
Residual sum of squares 19.839 8.893

**p < 0.05.
* p < 0.1.
*** p < 0.01.

Fig. 6. Local R-squared values and intercept values from GWR model.
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look to the distribution of positive and negative coefficients for different
variables. Although the local coefficients may vary significantly, the
mean coefficients of four variables reveal some patterns. Both the mean
coefficient values of AT and RH are negative, while the mean values of
MDL and IA are positive.

4.3. Predicting seat occupancy

4.3.1. k-means clustering
k-means clustering is applied to form four groups of seats with

different occupancy levels based on their KDE occupancy features and
hourly utilisation rate, as shown in Table 4.6. The seat clusters are
characterised by their occupancy levels, from ‘High’, ‘Medium high’ to
‘Medium’ and ‘Low’. Cluster 1 is the high occupancy cluster with the
highest mean KDE value and the highest average utilisation rate, fol-
lowed by Cluster 3, which features a high KDE value and a lower uti-
lisation rate. Cluster 2 is the largest cluster with 20 seats and medium

occupancy level, while Cluster 4 includes only 8 seats with the lowest
occupancy level.

4.3.2. Prediction with the classifiers
After comparing four models (refer to Table 4.7), the bagging model

based on the random forest proves to be the optimal choice, exhibiting
high accuracy in both the training and test sets. The training set accuracy
for the bagging Random Forest (bagging RF) stands at 76.9 %, while the
test set accuracy reaches 87.5 %. These accuracy levels are deemed
satisfactory, and there is no significant risk of overfitting. The confusion
matrix for the test set results is shown in Fig. 8. Notably, the primary
misclassifications occur between Cluster 1 and 3, which is acceptable
given the similarity in occupancy levels, categorised as ’high occupancy’
(Cluster 1) and ’medium-high occupancy’ (Cluster 3).

In this study, the feature importance help interpret the contribution
of design factors in the prediction of occupancy level, as represented by
Fig. 9. In this case, spatial and environmental features take a higher
importance compared with the human voted preferences. The feature of
‘Degree’, which represents the number of other seats that is directly
visible from the seat, accounts for the highest importance level of 0.117.

Fig. 7. Local coefficients for each explanatory variable in GWR.

Table 4.6
Occupancy level of k-means clusters.

Cluster Occupancy level Count O_KDE SU

mean std mean std

1 High 16.0 0.016 0.012 0.779 0.050
2 Medium 20.0 0.005 0.002 0.299 0.055
3 Medium high 17.0 0.015 0.011 0.542 0.064
4 Low 8.0 0.001 0.001 0.101 0.081

Table 4.7
Comparison of classification models.

Model Test-set
accuracy

Train-set
accuracy

Decision Tree classifier (DT) 0.615 1.000
Random Forest classifier (RF) 0.692 0.854
Extra Trees classifier (ET) 0.769 1.000
Bagging Random Forest classifier
(Bagging RF)

0.769 0.875

Fig. 8. Confusion matrix of the test set, bagging RF.
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The distance to facilities (Access_F) is the second most important feature
with a value of 0.106, followed by temperature variables (AT and WBT),
density and daylight. The predictive effect of human preference votes is
relatively limited with the range of importance between 0.017 and
0.034.

5. Discussion

As a result, the exploratory regression models demonstrate the
relationship between the design variables and occupancy level. The
interior spatial relationship between variables is captured through the
spatial autocorrelation indicators and GWR. The spatial regression
model is more suitable than the OLSmodel, with a significant increase in
the explanatory power as R-squared values indicated. Although some
differences are found when comparing the OLS and GWR models for the
whole site and for the ground floor, all models agree that the variable of
IA contribute positively to the high occupancy level. This finding cor-
responds to some conclusions from previous studies, that the more office
activities are observed in places with large visual area or high visual
integration [16,82].

The bagging random forest model outlines several important factors
regarding the prediction of seat occupancy. By looking at the design
feature, it is possible to gain an understanding of seat characteristics
across different occupancy levels. In Fig. 10, the normalised values of the
top significant design features in each cluster (Fig. 10(a)), along with the
seat locations (Fig. 10(b)), are depicted, while the values of all features
are detailed in Appendix C. In the high-occupancy cluster (Cluster 1),
seats exhibit features like high degree, relatively short walking distance
to facilities, higher temperature and lower relative humidity with less
daylight exposure. The medium-high occupancy cluster (Cluster 3)
shares similar features but with seats positioned closer to facilities. The
medium- and low-occupancy seats locate in areas characterised by low
temperature and high humidity, situated close to windows with
increased daylight exposure. Cluster 2, with medium occupancy, dis-
plays the lowest average degree among all clusters, with the majority of
seats located in the basement, featuring shorter travel distances to fa-
cilities but longer distances to entrance and exit. The lowest-occupancy
cluster (Cluster 4) showcases some seats close to windows positioned at
the edge of each floor.

As a result, several insights for design could be summarised from the
analysis:

1. Despite the common preference for more daylight and proximity to
windows found in subjective surveys [48,27], it is intriguing that
seats with the highest daylight exposure are not necessarily the most

occupied ones. This suggests a potential mismatch in the subjective
environmental preferences and the real seat selections. The
non-incidental association between subjective and objective evalu-
ations of the office space were also identified in the previous study
[11]. Nevertheless, clusters exhibiting higher illuminance levels (a
combination of both daylight and artificial light) tend to show higher
occupancy (as demonstrated in Appendix C), despite the relatively
lower predictive importance of the illuminance feature. While
daylight enhances perceived workspace quality, glare from direct
sunlight can negatively impact visual comfort and task performance.
Users engaged in screen-based tasks may find window seats less
appealing and opt for seats in more uniformly lit environments [83].

2. The variations of temperature and humidity level around the interior
space are subtle, yet having some impacts on the space preferences.
Generally, seats or areas with relatively higher temperatures and
lower relative humidity tend to be preferable, correlating with
higher occupancy rates. As the previous study has reported a neutral
temperature of 21.54 ◦C in a longitudinal thermal comfort survey,
indicating the overall environment is slightly cool and survey par-
ticipants adapt to the environment [48], the finding in this study
demonstrates that the occupants tend to look for slightly warmer
areas in the case study site.

3. Spatial metrics computed based on visual fields contribute positively
to the occupancy, at both the grid level and seat level. Highly
spatially integrated spaces tend to attract more occupants, and
there’s a clear preference for seats that are visually connected to
others in a 360-degree isovist field.

4. As the variation of seat types (type A to J) are primarily represented
by the human-voted features and share, the limited importance of
these features suggests that seat type arrangements may not be the
dominant factor in seat selection decisions. Participants, despite
demonstrating tendencies to choose different seats for various ac-
tivities, seem to prioritise other factors in their decision-making
process. Additionally, the size of seat, as represented by the foot-
print values, is not considered a significant feature too.

6. Conclusion

While the flexible and activity-based workspace setup becomes a
popular option to reduce economic cost, improve space efficiency
without harming employees’ perceived satisfaction and productivity [7,
8], this study further investigates the association between occupancy
and design features in a flexible workspace setup, demonstrated by the
analysis at grid-level and seat-level. It establishes the spatial correlations
between occupancy level and the environmental and spatial design

Fig. 9. Feature importance of the bagging RF model.
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features at the grid level, while building a predictionmodel for seat-level
occupancy with the spatial, environmental and human preference var-
iables. The analytical models capture the design characteristics of seats
and spaces that occupants may prefer more when they are granted with
the freedom to choose around a hybrid office setup. The importance of
spatial design metrics, such as isovist area and degree, is validated in the
analysis. The area or seats with a high spatial connectivity and larger
visual field may attract more occupants. At the same time, the envi-
ronmental variables like temperature, humidity and daylight level are
found to have diverse effects on the occupancy. High daylight exposure,
which is normally seen as the desirable feature, was not found to attract
more occupants, though the seats with higher occupancy generally
receive a good amount of lighting. These findings could be a useful
guidance for the office design and planning in a new scenario of hybrid
working and flexible offices.

The study also demonstrates a systematic approach, through col-
lecting multi-channel post-occupancy empirical data from sensors,
simulation and surveys to understand the office design [11]. The
analytical framework is set up to demonstrate the application of

geospatial models and machine learning toolkits in interior spaces. The
development of this analysis and prediction pipeline could significantly
benefit the interior space use analysis and establish the data-driven
design insights to inform architects, interior designers and facility
managers.

This study is limited to a single case study, which inherently restricts
the immediate generalisability of the results. While the developed
framework effectively explores the relationship between spatial and
environmental features and user behaviour in this context, future
research could enhance its applicability by incorporating additional
contextual variables. These include external climatic conditions,
organisational culture and industry-specific work patterns. Expanding
the framework to multiple case studies could also improve its reliability
and provide a more comprehensive predictive model for diverse office
settings.

Although the case study site features a diversity of space and seats,
the scale of the space is relatively limited with only around 60 seats
involved in the prediction model. Moreover, as the study involves a
variety of data collected from different sources, some of the datasets are

Fig. 10. Design characteristics of the clusters with different occupancy levels.

J. Pan et al. Building and Environment 270 (2025) 112544 

15 



not collected concurrently. To address this challenge, we included long
time spans for environmental and occupancy attributes and averaged
the data to represent general patterns. While this approach allowed us to
highlight relative differences among spaces and integrate diverse pa-
rameters into a consistent spatial and temporal framework, it also
introduced limitations. The measured parameters could not fully reflect
seasonal variations, and the averaged values may obscure transient
fluctuations in workplace configuration and usage patterns. Conse-
quently, the values reflect only relative differences rather than the
preferable range of conditions. Future studies could incorporate more
granular, temporally synchronised datasets with a dynamic model to
capture these fluctuations more effectively. Those environmental vari-
ables are interpolated from five measurement points around the space,
which may not be sufficient to ensure high-resolution and accurate re-
sults. Also, the study could be benefited from incorporating repeated
work surface illumination measurements. The collection of human-
voted preferences for various activities might carry a degree of bias, as
certain participants may choose seats solely based on visual impressions
from the photos without physically visiting the site. However, this data
was primarily used to complement sensor-detected occupancy patterns,
rather than as a standalone determinant of seating behaviour. Further-
more, the spatial regression model excludes the basement due to limi-
tations in the GWR model and variations in the usage patterns and rules
of the meeting rooms.

In subsequent investigations, the prediction model could be
employed in renovation scenarios to anticipate variations in occupancy
levels resulting from alterations in layout, design features and seat ar-
rangements in the case study space. The prediction of the use of meeting
space can be embedded by identifying usage patterns and specifying a
distinct set of design features that directly impact the meeting room
experience. Additionally, the datasets applied in this study are not
exhaustive. More factors could be included in such kind of data-driven
framework for workspace design, depending on the context and avail-
ability - such as mean radiant temperature, noise levels, air quality,
carbon dioxide levels, high-resolution air movement measurements,

comfort of furnishings, social networks among workers, work activities,
task requirements, individual schedules, group size and seat reservation
systems. Future research could integrate these variables to expand the
framework’s scope and applicability. This would significantly enhance
the depth and breadth of analysis, offering more comprehensive insights
into workspace design and utilisation.
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Appendix A. Sensor locations and measurements

See Figs. A1, A2 and Table A1

Fig. A1. Location of sensors.
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Fig. A2. Heatmaps of environmental and spatial metrics.

Table A1
Descriptive data of environmental recordings.

Date Zone Temperature
◦C

Wet Bulb Temp
◦C

Relative Humidity %

Mean Max Min Std Mean Max Min Std Mean Max Min Std

2022–03–10 1 21.5 21.9 21.7 0.218 13.7 14.2 12.9 0.245 42.0 43.2 39.8 0.732
2022–03–10 2 20.9 21.2 20.2 0.161 13.6 14.0 12.8 0.181 44.0 46.6 41.0 1.209
2022–03–10 3 21.0 21.1 20.8 0.100 13.5 13.9 12.9 0.218 42.7 44.5 39.6 1.039
2022–03–10 4 20.8 21.2 20.6 0.128 13.6 14.1 13.2 0.166 44.1 46.6 41.2 0.923
2022–03–23 1 23.6 24.8 20.9 0.701 15.2 16.3 13.1 0.738 40.9 45.9 34.2 3.829
2022–03–23 2 22.1 22.8 20.2 0.664 14.6 16.0 12.7 0.964 44.4 50.5 37.4 3.611
2022–03–23 3 22.7 23.7 20.1 1.067 14.6 15.9 12.4 1.049 41.5 45.5 35.2 2.264
2022–03–23 4 21.7 22.3 19.4 0.699 14.2 15.4 12.3 0.918 43.5 48.4 35.8 3.287
2022–03–23 5 20.4 21.0 19.4 0.433 13.1 14.3 12.3 0.507 42.8 48.7 39.0 1.504
2022–04–25 1 22.2 22.9 20.8 0.600 13.6 14.2 12.8 0.433 37.3 39.4 34.9 1.134
2022–04–25 2 22.0 22.5 20.8 0.544 13.5 14.2 12.7 0.422 37.8 39.9 35.2 1.055
2022–04–25 3 22.2 22.8 21.2 0.460 13.5 14.3 12.7 0.428 37.1 39.1 34.6 1.008
2022–04–25 4 21.7 22.6 20.6 0.532 13.4 14.2 12.4 0.507 38.5 40.8 36.1 0.927
2022–04–25 5 21.7 22.7 21.1 0.336 13.4 13.9 12.8 0.277 38.3 40.8 36.1 1.205
2022–05–18 1 22.2 24.9 20.1 1.017 14.9 16.8 13.2 0.785 45.1 50.1 41.7 1.644
2022–05–18 2 22.7 24.4 21.8 0.675 15.1 16.5 14.3 0.600 44.0 46.8 40.5 1.627
2022–05–18 3 23.0 24.1 22.3 0.467 15.1 16.2 14.2 0.457 42.7 46.3 39.9 1.373
2022–05–18 4 22.0 23.3 20.6 0.829 14.6 15.8 13.4 0.715 44.8 47.2 42.7 0.968
2022–05–18 5 21.3 23.6 19.3 1.240 14.5 16.1 12.6 0.768 47.9 54.9 43.3 3.098
2022–06–15 1 23.1 24.9 21.8 0.669 14.9 16.4 13.8 0.647 40.7 46.3 36.2 2.296
2022–06–15 2 23.5 24.8 22.2 0.552 15.0 16.4 14.0 0.574 39.9 45.5 35.2 2.093
2022–06–15 3 23.4 24.6 22.8 0.377 14.9 17.9 13.9 0.534 39.9 53.9 36.0 2.259
2022–06–15 4 23.0 25.3 22.1 0.444 14.8 19.8 13.9 0.653 40.8 66.5 36.4 2.915
2022–06–15 5 23.6 24.0 23.2 0.226 15.3 16.0 14.7 0.350 40.9 45.2 36.6 2.376
2022–07–13 1 24.4 26.0 22.5 0.867 16.7 18.2 14.7 0.822 45.8 51.6 41.7 2.130
2022–07–13 2 24.4 25.2 22.6 0.513 16.8 23.6 14.9 0.730 46.3 62.0 41.0 1.839
2022–07–13 3 24.6 26.4 23.2 0.673 16.8 19.8 15.1 0.695 45.2 56.6 41.4 1.937
2022–07–13 4 23.8 24.8 21.8 0.756 16.5 17.5 14.7 0.639 47.3 53.9 43.3 2.246
2022–07–13 5 22.9 24.3 20.8 0.868 15.8 19.7 13.8 0.893 47.7 67.5 41.8 3.382
2022–08–22 1 24.2 25.4 21.9 1.050 17.3 19.2 14.9 0.976 50.5 58.8 47.2 1.538
2022–08–22 2 24.7 25.6 23.0 0.666 17.4 18.7 15.7 0.803 48.8 52.0 43.3 2.026
2022–08–22 3 24.7 26.2 22.9 0.980 17.4 18.9 15.6 0.895 48.6 51.5 43.9 1.544
2022–08–22 4 24.0 26.0 21.4 1.062 17.3 18.9 15.0 0.961 51.6 59.0 47.5 1.173
2022–08–22 5 24.2 25.2 23.2 0.341 17.2 19.0 15.9 0.637 50.4 55.7 46.4 2.338
2022–09–14 1 23.6 24.6 22.4 0.653 17.3 18.1 16.7 0.358 54.4 60.1 48.1 3.066

(continued on next page)
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Table A1 (continued )

Date Zone Temperature
◦C

Wet Bulb Temp
◦C

Relative Humidity %

Mean Max Min Std Mean Max Min Std Mean Max Min Std

2022–09–14 2 23.6 24.8 21.7 0.430 17.3 18.2 16.3 0.373 54.1 59.7 48.8 2.494
2022–09–14 3 23.4 24.2 22.5 0.547 17.1 17.8 16.4 0.365 53.4 58.6 48.0 2.856
2022–09–14 4 22.5 23.6 21.3 0.797 16.7 17.5 16.1 0.404 56.0 61.0 49.0 3.830
2022–09–14 5 22.5 23.0 22.1 0.282 16.9 17.2 16.2 0.273 57.0 60.7 51.9 2.348
2022–10–14 1 23.3 24.1 22.5 0.376 16.8 17.3 16.2 0.192 52.0 54.0 49.7 1.041
2022–10–14 2 23.2 23.7 22.8 0.188 16.8 17.2 16.3 0.164 52.5 54.8 51.5 0.437
2022–10–14 3 24.1 24.1 24.0 0.047 16.9 17.0 16.8 0.040 48.9 49.8 48.4 0.464
2022–10–14 4 22.3 22.4 22.2 0.051 16.3 16.6 16.2 0.096 54.4 56.0 53.7 0.713
2022–10–14 5 22.8 23.2 22.3 0.221 16.4 17.1 16.1 0.135 52.6 56.7 51.4 0.654
2022–11–08 1 23.2 24.6 19.8 0.380 17.2 17.9 15.5 0.236 56.1 73.6 51.8 1.444
2022–11–08 2 23.2 23.5 22.7 0.176 17.3 17.6 16.8 0.181 56.8 58.3 55.3 0.578
2022–11–08 3 24.3 25.2 23.5 0.564 17.8 18.7 17.1 0.420 53.3 58.8 49.4 1.646
2022–11–08 5 22.7 23.2 22.2 0.232 16.7 17.1 16.4 0.183 55.0 57.1 53.1 0.897
2022–12–20 1 21.2 22.8 18.1 1.089 14.6 15.8 12.6 0.753 49.3 66.7 46.6 1.479
2022–12–20 2 21.5 23.4 17.2 1.398 14.6 18.6 12.2 0.870 47.9 66.9 43.9 2.218
2022–12–20 3 21.6 23.2 18.0 1.326 14.9 16.1 12.7 0.884 48.8 66.5 46.0 1.729
2022–12–20 4 21.1 23.6 17.8 1.072 14.5 18.1 12.4 0.759 49.4 61.2 46.1 1.372
2022–12–20 5 19.7 21.7 17.4 0.494 13.5 15.8 12.3 0.343 50.2 55.4 47.9 0.922
2023–01–31 1 21.1 22.4 17.5 1.124 14.2 15.2 12.0 0.874 46.9 55.9 45.0 0.987
2023–01–31 2 21.0 22.3 18.1 0.956 14.2 15.2 12.1 0.847 47.3 52.4 44.3 1.110
2023–01–31 4 20.9 21.9 17.4 0.937 14.2 15.2 12.1 0.776 47.9 54.4 45.4 1.086
2023–01–31 5 20.5 21.2 17.7 0.648 13.5 14.1 12.0 0.498 45.6 56.9 43.6 0.915
2023–02–28 1 22.2 23.2 18.6 0.817 13.9 14.8 11.4 0.643 39.0 41.5 36.9 0.951
2023–02–28 2 21.0 21.8 18.7 0.626 13.4 14.2 11.3 0.634 41.5 43.6 38.9 1.277
2023–02–28 3 21.6 22.2 19.1 0.705 13.5 14.2 11.4 0.641 39.4 41.7 37.6 0.860
2023–02–28 4 21.0 21.9 18.6 0.815 13.4 14.2 11.3 0.720 42.0 43.8 39.7 0.782
2023–02–28 5 20.0 21.2 18.6 0.563 12.4 13.5 11.0 0.575 39.9 42.5 37.6 1.193
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Appendix C. Characteristics of clusters

Data availability

Data will be made available on request.
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