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The Link between Buildings and Cognitive Performance

ABSTRACT

In North America, buildings account for an estimated 40% of total energy use and carbon
emissions (Né&geli et al., 2018) and are where people spend over 90% of their time (Klepeis et al.,
2001). A historical focus on energy efficiency has led to strategies that often degrade indoor
environmental quality and in turn, occupant health (A. K. Persily & Emmerich, 2012). Recent
attention has shifted towards designing and operating buildings for human health, but there are
still questions around the benefits of building operation for human occupants and how to balance
these considerations with building energy expenditure. Building heating, ventilation, and air
conditioning systems are one pervasive building component that are key to this balance since
these systems consume substantial amounts of energy to thermally condition and ventilate indoor
spaces, which in turn, impacts occupant health in many ways. Much of the current building stock
is operated to conditions set forth by standards that are not designed to promote human health.
Accordingly, substantial amounts of energy are being consumed to condition and ventilate
spaces to settings that do not necessarily support occupants and their activities. In response to
this, we investigate indoor air quality, as influenced by building ventilation and occupancy, and
indoor thermal conditions, as influenced by space conditioning, as two main indoor exposures
that are influenced by these systems and also impact occupant health. We then assessed occupant
cognitive performance and perceptions of the indoor environment with participant test and
survey responses collected through our smartphone-based research application. We used this
acute exposure and outcome data to model associations between indoor air and thermal



conditions and metrics of cognitive function and thermal sensation. Collectively, the model
estimates show that lower carbon dioxide concentrations, achieved through higher outdoor
ventilation, are consistently and significantly associated with improved cognitive test scores. For
thermal conditions, we observe that a normative range of roughly 22-26 °C can support cognitive
performance and thermal sensation in a variety of settings and that temperatures above and
below this range show evidence of decreasing cognitive test scores. The relationship between
indoor air moisture and cognitive performance is less clear from this work. There is preliminary
evidence that common thermal modeling approaches, such as the use of temperature and relative
humidity as separate thermal variables or the use of pervasively used thermal comfort models,
might underestimate the potential importance of indoor moisture with respect to occupant
outcomes. We explore enthalpy as a potentially useful combined temperature and moisture
metric and observe preliminary evidence of consistent associations between higher values of
indoor enthalpy, up to approximately 55 kJ/kg, and improved cognitive test scores. Additional
research is needed to understand how these associations might vary in wider exposure ranges,
across different built environment settings and populations, and the potential implications for
building energy expenditure. Overall, these collective results suggest that focusing on increasing
outdoor air ventilation and maintaining temperatures within a normative range of approximately

22-26 °C, can support occupants and their activities in working and learning environments.
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CHAPTER 1: INTRODUCTION

History of Ventilation and Space Conditioning with Respect to Building Occupants

We spend a tremendous amount of time in buildings and energy to operate buildings. In
North America, the average adult spends over 90% of their time indoors (Klepeis et al., 2001)
and the building stock is responsible for an estimated 40% of total energy use and associated
carbon emissions (Nageli et al., 2018; DOE, 2015). As a result, buildings have a prominent
impact on human health and the natural environment, making them both a problem and solution
to the climate change and human health challenges we face.

The energy crisis of the 1970’s spurred interest and efforts in designing and operating
buildings in a more energy efficient manner (Coyle, 2014). With climate change being a major
concern, multiple organizations have set greenhouse gas emission reduction goals, with one
common target being an 80% reduction in 1990 greenhouse gas emissions by the year 2050
(Solano Rodriguez et al., 2017). Buildings are an essential part of achieving these reductions;
accordingly, numerous mandatory and voluntary energy efficiency measures have been
incorporated into the building stock (Barnes & Parrish, 2016; Subramanyam et al., 2017). Some
recent examples include New York City’s Local Law 97, which sets tiered reduction milestones
in the years leading up to 2050 based on building size (Salimifard et al., 2022), and the city of
Boston’s Building Emissions Reduction and Disclosure Ordinance, which adopts a similar
approach, but arrives at a net zero performance goal by 2050 (City of Boston Climate Action
Plan 2019 Update, 2019).

When developing strategies to achieve these reductions, a common component to focus
on is ventilation and space conditioning (i.e., heating, cooling, humidifying, and dehumidifying),

since these processes consume substantial amounts of energy (Korolija et al., 2011; Pérez-



Lombard et al., 2008), with heating, ventilation, and air conditioning (HVAC) typically
accounting for the largest energy end use in residential and commercial buildings in the United
States of America (US DOE, 2015; pérélfsdattir et al., 2023). In attempts to reduce this energy
expenditure, common building design and operation strategies have included constructing tighter
building envelopes to reduce the amount of conditioned indoor air that is lost to the outdoors;
installing more efficient HVAC systems and equipment; reducing the amount of ventilation air
supplied to indoor spaces; and adjusting setpoint temperatures. While these strategies do reduce
energy requirements, many do so at the expense of occupant health by degrading indoor air
quality and indoor thermal conditions (Manuel, 2011; Militello-Hourigan & Miller, 2018;
Shrestha et al., 2019).

Past research has described many scenarios where low ventilation rates and undesirable
indoor thermal conditions impair occupant health and satisfaction in many ways. While there can
be more extreme cases of negative health impacts depending on the exposure scenario (Smith,
2000), the more pervasive health effects seen across the North American building stock relate to
reduced cognitive performance and “sick building syndrome”, an umbrella term denoting a
myriad of health symptoms, such as headaches, fatigue, and various forms of irritation,
attributable to time spent in a certain building or buildings with poor indoor environmental
attributes (Licina & Yildirim, 2021; Nag, 2019). Various studies have suggested a link between
ventilation and health (Carrer et al., 2015) with evidence for improved cognitive performance
under scenarios of lower indoor carbon dioxide (CO.) concentrations (Allen et al., 2016; Cedefio
Laurent et al., 2021; Coley et al., 2007; Fisk, 2017), a proxy measurement used to indicate higher
ventilation rates and/or lower occupancies in field measurements, and reductions in symptoms

falling under sick building syndrome with improved ventilation (Carrer et al., 2015; Seppanen et



al., 1999; Sundell et al., 2011; Wargocki, 2013). In addition to ventilation and indoor air quality,
the thermal conditions in indoor spaces have also been shown to influence performance,
satisfaction, and physiologic symptoms falling under sick building syndrome. Numerous studies
have suggested a link between indoor moisture and various symptoms (Jones et al., 2022), indoor
air temperatures and cognitive function and work performance (Bueno et al., 2021; Cedefio
Laurent et al., 2018; Cui et al., 2013; Jiang et al., 2018; Lan, Wargocki, & Lian, 2011; Porras-
Salazar et al., 2018; Tanabe et al., 2013), and improved thermal comfort and reductions in sick
building syndrome symptoms (Amin et al., 2015; Lan, Wargocki, Wyon, et al., 2011). Past work
has also shown that perceptions of thermal satisfaction and the range of indoor thermal
conditions deemed satisfactory is highly individual and varies based on numerous factors, such
as sex assigned at birth, age, geographical location, and other individual differences (Arens et al.,
2015; Karjalainen, 2012; Khovalyg & Ravussin, 2022; Lan, Wargocki, Wyon, et al., 2011).

Evidently, the indoor air and thermal conditions achieved in buildings often result in
degraded physiologic health, cognitive performance, and overall satisfaction due to current
HVAC operational practices. In North America, standards set forth by the American Society of
Heating, Refrigeration and Air Conditioning Engineers (ASHRAE) are pervasively used in
practice and effectively stipulate the system energy performance criteria, space conditioning
settings (i.e., temperature and relative humidity, RH), and ventilation rates for much of the
building stock. However, these standards are not developed for optimizing human health. While
the standards strive to promote health where appropriate, it is explicitly stated that following
such standards does not guarantee occupant health, comfort, or satisfaction (A. Persily, 2015).
The ASHRAE standards focused on ventilation (62.1-2022 and 62.2-2022, Ventilation and

Acceptable Indoor Air Quality and Ventilation and Acceptable Indoor Air Quality in Residential



Buildings, respectively) focus on “acceptable” indoor air quality based on emissions from
occupants and building materials (ASHRAE 62.1-2020; Persily, 2015; Siegel, 2020), as opposed
to enhanced indoor air quality for health promotion beyond basic hygienic and safety
considerations, such as elevated cognitive performance and perceived satisfaction with indoor
conditions. Moreover, the ASHRAE standard focused on thermal comfort (55-2020, Thermal
Environmental Conditions for Human Occupancy) is based on a thermal comfort model and
underlying experiments from the 1960’s and 1970’s (Fanger, 1973) that are not representative of
the characteristics and thermal preferences of today’s diverse building occupant populations, as
found in more recent works. Not surprisingly, several studies have shown that the thermal
comfort model outlined in ASHRAE-55 has low utility to satisfy the majority of diverse building
occupants in practice in recent years (Cheung et al., 2019). Moreover, a meta-analysis applied a
widely accepted model relating indoor temperature to work performance and found the model to
have low predictive accuracy applied to a large, more recent dataset of more recent and varied
indoor settings (Porras-Salazar et al., 2021). Evidently, standard HVAC operation, following
these design standards and underlying research, does not result in indoor environmental
conditions that optimize human health, particularly with respect to health considerations beyond
ensuring basic safety and hygiene, such as cognitive performance and perceptions of satisfaction.

While the historical focus of HVAC operation and the associated standards has not been
on human health, in recent years, and largely exacerbated by the coronavirus 2019 (COVID-19)
pandemic, attention has shifted towards this consideration. The COVID-19 pandemic has
highlighted buildings as an essential tool to protect and enhance human health and wellbeing,
and not surprisingly, exacerbated the adoption of health-based strategies and building rating

systems. There has been exponential adoption of voluntary health-focused rating systems (IWBI,



2021), the inclusion of buildings in governmental COVID-19 response strategies (The White
House, 2022), the emergence of new guidance focused on COVID-19 risk reduction strategies
(The Lancet COVID-19 Commission Task Force & on Safe Work, Safe School, and Safe Travel,
2022) and non-infectious air delivery rates (NADR) for reducing exposures (The Lancet
COVID-19 Commission & Task Force on Safe Work, Safe School, and Safe Travel, 2022), and
the introduction of new initiatives and funding opportunities to help improve the health impacts
of buildings, including the US Environmental Protection Agency’s Clean Air in Buildings
Challenge (US EPA, 2022) and the United States Department of Education grant program to
assist with implementing COVID-19 safety measures in schools (US DOE, 2021).

As the transition of COVID-19 throughout 2022 saw reductions in severe health impacts
and the re-opening of various facilities, many questions emerged around building design and
operation going forward (Navaratnam et al., 2022; Tranel, 2020). Health should continue to
remain a priority, and now, also a more intentional component of building design and operation;
however, many questions remain. Particularly, questions have emerged around the how to
operate buildings for health considerations other than disease transmission, and how to balance
these concerns with building energy consumption and environmental impacts (Cedefio-Laurent et

al., 2018; MacNaughton et al., 2015; P. et al., 2018).

Research Focus

In response to these questions, this research focuses on investigating indoor air and
thermal conditions, and how they relate to aspects of occupant health and wellbeing. Indoor air
and thermal conditions are the exposures of interest since they are influenced by building HVAC
systems and influence occupant health in-turn. The occupant outcomes of interest include

metrics of cognitive performance and perceptions of satisfaction with various aspects of the



indoor environment, since these are pervasive health considerations in working and learning
environments where people spend significant portions of their time, and are also occupant
outcomes of concern during more typical operational conditions, and not a period of heightened
infection control where disease transmission measures should govern operational priorities.
Measuring these exposures and outcomes and assessing associations between them will provide
greater insights into the conditions that support building occupants. This will focus on indoor air
quality and thermal conditions to help understand if higher ventilation rates have benefit beyond
infection control and what temperatures help support modern and diverse building occupant
populations and their activities. In turn, this might also elucidate an opportunity to save energy,
or at least not waste it, since much of the current building stock is consuming substantial
amounts of energy to condition and ventilate indoor spaces in a way that does not promote

occupant health.

Research Framework

This research is composed of three investigations from two studies, as depicted in Figure
1 below. Each of these studies measures indoor air and/or thermal conditions and estimates
associations with cognitive performance metrics, and in some cases, perceptions of satisfaction

asa complementary assessment.



Study Alm Main Association

1) Classroom Ventilation CO, = Accuracy, Speed

Classrooms for
Health Study
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= 3) Global Creativity CO_, Thermal conditions = Creativity
Buildings Study :

Figure 1: Schematic of Research Framework

This collective investigation begins with the Classrooms for Health Study, which is a
prospective, observational, longitudinal study of indoor environmental conditions and student
cognitive performance and perceptions of the indoor environment over the 2022-2023 academic
year at a Boston-based university. The first investigation from this study is presented in Chapter
Two and consists of an investigation of indoor CO- concentrations, as influenced by occupancy
and enhanced ventilation, and associations with cognitive test scores of speed and accuracy
among graduate students attending classes in lecture halls with increased outdoor air ventilation
rates in response to COVID-19. The goal of this work is to assess if increased ventilation rates
for infection control have added benefits beyond reducing disease transmission.

A second investigation from the Classrooms for Health study, this time focused on indoor
thermal conditions, is presented in Chapter Three. Since space conditioning is one of the two
primary functions of a building’s HVAC system operation, assessing associations between
indoor thermal conditions and cognitive test scores among the same graduate students in the
Classrooms for Health study provides complementary information for the ventilation assessment
presented in Chapter Two. A second motivation for this thermal work stems from the

aforementioned challenges in the current state of thermal modeling, mainly the low predictive
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accuracy observed from the use of conventional thermal comfort prediction models and models
relating temperature to work performance. Accordingly, this investigation begins by calculating
and comparing multiple characterizations of the indoor thermal environment from simple
temperature and RH measurements in the classrooms. Next, we construct an analysis dataset of
all thermal exposures, the same cognitive test scores of accuracy and speed from the ventilation
study in Chapter Two, and now also participant’s thermal sensation votes in the rooms they had
class. This dataset allows for the exploration of associations among thermal variables, cognitive
test scores, and thermal sensations. This work provides considerations for how to measure and
characterize indoor thermal conditions, and how these characterizations relate to occupant health
outcomes. This provides new insights for thermal modeling research, which has many known
challenges, and also for practice, by elucidating a range of indoor thermal conditions that can
support occupants and their activities while providing some flexibility for building operation.
Finally, Chapter Four presents the third investigation in this work, which extends beyond
the Boston-based classrooms study in Chapters Two and Three, to investigate new cognitive
performance metrics across six countries. This investigation stems from the CogFx Global
Buildings study, which is a prospective, observational, longitudinal cohort study following 302
adult office worker participants, in 42 commercial office buildings, located in six countries, over
the course of approximately one year. The larger study measured environmental conditions near
participant’s office workstations and collected participant responses to various cognitive tests
and health surveys. The analysis in Chapter Four focuses on acute air and thermal exposures at
participant workstations and estimates associations with scores of divergent creative thinking, an
understudied cognitive process in the literature on this topic. By investigating a creative

cognitive domain, and associations with both air and thermal conditions in more diverse study



settings, this investigation extends beyond the scope of the Classrooms for Health Study to
investigate how these associations might vary across diverse geographies and also in relation to
an understudied cognitive process related to creativity, which is often thought to be a more
inherent quality and therefore potentially less subject to influence from acute environmental
exposures.

Collectively, these three investigations from two studies provide new insights on our
understanding of how indoor conditions can influence cognitive function and perceived
satisfaction. The overall findings from this work are summarized in Chapter Five, along with
recommendations for future work to further this topic for both research and practice. Applying
these findings to practice can help inform building operation to support human occupants and

their activities, while also potentially identifying opportunities to conserve energy.



CHAPTER 2: ASSOCIATIONS BETWEEN CARBON DIOXIDE CONCENTRATIONS
AND COGNITIVE TEST SCORES AMONG UNIVERSITY STUDENTS IN
CLASSROOMS WITH INCREASED VENTILATION RATES FOR COVID-19 RISK

MANAGEMENT

Sandra Dedesko *°, Joseph Pendleton?, Anna S. Young?, Brent A. Coull?, John D. Spengler?,

Joseph G. Allen?
Affiliations

a Harvard T.H. Chan School of Public Health, 401 Park Drive, 4™ Floor West, Boston, MA,

02215, USA

b Harvard Graduate School of Arts and Sciences, 1350 Massachusetts Avenue, Cambridge, MA,

02138, USA

Abstract

Past work demonstrating an association between indoor air quality and cognitive
performance brought attention to the benefits of increasing outdoor air ventilation beyond code
minimums. These same code minimums were scrutinized during the COVID-19 pandemic for
their insufficient ventilation and filtration specifications. In this study, we investigate
associations between indoor CO> concentrations, influenced by outdoor air ventilation and
building occupancy, and cognitive test scores among graduate students attending lectures in
university classrooms where infection risk management strategies, namely increased ventilation,

had been implemented. We administered post-class cognitive function tests through a
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smartphone application to participating students (54 included in analysis) over the 2022-2023
academic year in classrooms equipped with continuous indoor environmental quality monitors.
Mixed effects statistical models show directionally consistent evidence that higher central and
peak classroom CO> concentrations are associated with lower cognitive test scores over the
measured range included in analysis (~440-1,630 ppm). The effect estimates are strongest for
95" percentile class CO, concentrations, representing peak class CO2 exposures. This suggests
that for schools and other indoor settings where in-person attendance is a priority, and therefore
occupant density cannot be decreased, increasing outdoor air ventilation rates beyond code
minimums can have benefit beyond airborne infection management by promoting student

performance and learning.

Introduction

A growing body of evidence is demonstrating an association between indoor CO-
concentrations and cognitive performance. The collective findings are mixed when CO is
experimentally altered in isolation (i.e., pure injection of CO> into the study environment), but
more consistent when CO- concentrations vary due to changes in ventilation rates and building
occupancy (Du et al., 2020). Although it is currently unclear how much of this observed
association is due to a direct effect or indirect effect (e.g., unmeasured indoor parameter(s)
associated with CO; that influence(s) cognitive function) of CO2 on cognitive performance, this
latter arm of evidence suggests that lower indoor CO> concentrations, resulting from higher
outdoor air ventilation and/or lower building occupancy, are associated with improved cognitive
performance (Du et al., 2020). Previous studies have observed this association in various built
environment settings, including: work environments, such as commercial office buildings
(Cedefio Laurent et al., 2021; Wargocki et al., 2000), simulated office environments (Allen et al.,

11



2016; Maddalena et al., 2015), call centers (Tham, 2004; Wargocki et al., 2004), and work-from-
home setups (Young et al. under review); education settings, including universities (Riham Jaber
et al., 2017) and elementary schools (Haverinen-Shaughnessy & Shaughnessy, 2015; Wargocki
& Wyon, 2007h, 2007a); residential settings, including private dwellings (Jareemit et al., 2017)
and dormitories (Stream-Tejsen et al., 2016); and chess tournament venues (Kiinn et al., 2019).
These studies not only demonstrate an association in multiple building types, but also across
varied building occupant populations and indoor CO> concentrations. While some past work has
suggested that the impacts of air pollution on cognitive performance are especially pronounced
among older populations (Gao et al., 2021; Kunn et al., 2019), these studies provide evidence of
an association among healthy school-aged children and young adults. Furthermore, the
aforementioned studies focus on low COz concentrations relative to exposure limits (e.g., 5,000
ppm) (X. Zhang et al., 2016) and normative industry targets (1,000 ppm) (Persily, 2020, 2021),
which are often exceeded in the building stock (Fisk, 2017), and still demonstrate an association,
with Cedefio Laurent et al. (2021) illustrating a linear, no-threshold association between
increasingly lower indoor CO2 concentrations, down to ambient atmospheric concentrations, and

improved cognitive function.

These findings sparked new interest in increasing outdoor air ventilation rates, which was
then exacerbated by the COVID-19 pandemic, where urgent concerns moved from pollutant
dilution and even cognitive function to infection control due to SARS-CoV-2 spreading via
airborne transmission (Allen & Marr, 2020; Melikov, 2020; Morawska et al., 2020; Sachs et al.,
2020). Existing outdoor air ventilation targets in commonly used building design standards
(ASHRAE, 2022) were not developed for infection control and accordingly, were insufficient to

effectively reduce airborne transmission of SARS-CoV-2. In response, several new enhanced
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ventilation targets were proposed during the emergency phase of the pandemic (Allen & Ibrahim,
2021; Morawska et al., 2021; The Lancet COVID-19 Commission & Task Force on Safe Work,
Safe School, and Safe Travel, 2022). At the formal end of the emergency phase, ASHRAE and
the Center for Disease Control (CDC) both released ventilation targets focused on reducing the
risk of indoor transmission of SARS-CoV-2 (ASHRAE, 2023a; CDC, 2023b). The CDC
recommended five air changes per hour (ACH) (CDC, 2023b) and a CO> concentration above
800 ppm indicating a need to bring in more outdoor air (CDC, 2023a), while ASHRAE put
forward recommendations for equivalent clean airflow rates per person that vary based on space
type (ASHRAE, 2023a), but are well above rates in ASHARE Standard 62.1 (Fox, 2023). As
public focus shifted from the pandemic and indoor transmission of respiratory pathogens, and
pressures to reduce ventilation rates to conserve energy and meet climate targets continue,
outstanding questions remain regarding the benefits of higher ventilation rates beyond infection

control.

In this work, we address these questions by leveraging an opportunity to study the
cognitive performance of graduate students attending classes in university lecture halls that had
implemented enhanced ventilation rates in response to the COVID-19 pandemic. Schools are an
especially important building type to investigate on this topic because: 1) they are one of the few
building types where post-pandemic occupancy reflects pre-pandemic conditions; 2) remote and
hybrid learning was found to negatively impact student academic progress during the pandemic
(Callen et al., 2023); and 3) the COVID-19 pandemic emphasized the need and importance of
upgrading school facilities to improve ventilation and indoor environmental quality for student
health, wellbeing, and learning (Fisk, 2017; Levinson et al., 2021; Lumpkin & Jayaraman, 2022).

Evidently, in-person learning is important for student progress; understanding how education
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facilities can be operated for student health and learning should be a priority. Accordingly, we
investigate the associations between indoor CO2 concentrations and cognitive test scores among
graduate students attending classes in rooms with COVID-19 risk management measures,
namely higher outdoor air ventilation rates and continuous indoor air quality monitors, in the

greater Boston area.

Methods

Study Design

The implementation of COVID-19 re-opening strategies provided an opportunity to
launch the Classrooms for Health Study, a prospective observational longitudinal cohort study
that examines the influence of classroom conditions on various student health outcomes over the
2022-2023 academic year at a university in the greater Boston area. Several facility teams within
the university had installed real-time indoor environmental monitors and increased ventilation
rates, following advised targets of 30 cfm/person or 4-6 ACH, as part of their operational risk
management strategies in response to COVID-19. This presented an opportunity to investigate
the influence of increased ventilation on student performance. Students regularly attending
classes in the monitored spaces completed cognitive function tests and perception surveys after
classes using a smartphone-based research application, previously developed and utilized in past
studies (Cedefio Laurent et al., 2021; Young et al., 2024). While multiple exposures and
outcomes were collected, this work focuses on the acute associations between classroom CO>
concentrations and student cognitive test scores. All study protocols were General Data

Regulation-compliant, reviewed and approved by the Institutional Review Board at the Harvard
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T.H. Chan School of Public Health, and reviewed and approved by the academic offices of

participating students.

Study Population

Students from two graduate schools at the university were recruited for participation in
this study through advertisements that were approved and administered by each school.
Recruitment began in October 2022 at the first school and in January 2023 at the second school,
depending on the timing of approvals, and remained open through the end of the academic year
in May 2023. To enroll in the study, all participants had to meet eligibility criteria, which
included: be a full-time student enrolled in a participating program at either school; regularly
attend class in person; be between eighteen and 65 years of age; speak English; have a
smartphone compatible with the study’s research application; not be colorblind; not be a current
smoker; and not have a known medical condition and/or take any medication that impacts their

thermoregulation.

Exposure Assessment: Indoor Environmental Quality

The primary exposure of interest in this study is indoor CO2. Classroom CO., along with
dry bulb temperature (referred to herein as “temperature”), RH, total volatile organic compounds
(TVOCs), and fine particulate matter (PM25) were characterized using commercial-grade, real-
time continuous monitors (pressure, sound, and a light metric are also measured, but these are
not relevant to this analysis). Monitors were battery-powered and installed on classroom walls
away from heat sources and windows, if present, and at the breathing height at the location of
installation; however, many rooms were sloped downward towards the front of the room (i.e.,
stadium seating). All monitors came pre-calibrated and operated within the manufacturer-

specified range of 4-40 °C and less than 85% RH. Therefore, all measured values should be
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within manufacturer-reported accuracies, which are: £0.5 °C at 25 °C for temperature, 3% for
RH, £50 ppm or 3% for CO> (when temperature is between 15-35 °C and RH is between 0-80%),
and +10 ug/m? between 0 and 100 pg/m?® for PMy 5. The TVOC and CO; sensors require seven
days of operation for self-calibration, and so no measurements within the first seven days of
operation are used in the proceeding study analysis. The monitors provided data at a 5-minute
interval for all parameters, except for PM2s, which is logged at a 10-minute frequency, for the
entire study period. This data was then used to calculate summary statistics of central and peak
temperature, RH, and CO- for the class periods included in analysis. Six of the class periods
included in the final analysis were affected by missing CO- data. An issue with battery power
caused one monitor to only record temperature and RH (a power-saving measurement mode)
from March 8 through April 4, 2023. These missing values were replaced with the values from
the monitor at that school with the strongest correlation (based on simple regressions and
Spearman Rank correlations to account for potential bias), which happened to be from the
monitor in the adjacent classroom. A summary of all measured classroom conditions (at the 5
and 10-minute measurement intervals) used to create the final analysis dataset is presented in the
Results section and summaries of the calculated summary statistics used for the final analysis are

presented in Appendix A.

Outcome Assessment: Cognitive Function

The outcome of interest in this investigation is cognitive performance. This was assessed
by administering cognitive tests to participants through the smartphone-based research
application. We were not permitted to engage with participants during class, so tests were sent
immediately after their regularly scheduled classes and made available for a set period. This was

originally set for two hours after class to ensure adequate participation time, but was later
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shortened to twenty minutes to better capture the influence of class exposures on cognitive
performance (63% of responses in the original two-hour window were being done within the first
twenty minutes anyways). Participants were informed of this change and always received a
notification when each cognitive test became available and ten minutes prior to its expiration.
Since class schedules varied among participants, the number and timing of cognitive tests on any
given day varied among participants. In attempts to reduce participant burden and minimize
study drop-out, a maximum of two cognitive tests per day were sent to any single participant. All
tests were restricted to Tuesdays, Wednesdays, and Thursdays to control for “weekend-effects”
that may influence cognitive performance (Barner et al., 2019; Cedefio Laurent et al., 2021;
Hasler et al., 2012). Furthermore, study participation was “gamified” in attempts to motivate and
retain participants. Each cognitive test was worth a number of study points, which were
continuously tallied by study team members and rewarded to participants in the form of gift

cards on an on-going basis.

The actual cognitive tests used include the Stroop Color Word Test (referred to herein as
“Stroop”) and the Arithmetic Test. These tests have been used extensively in research (Scarpina
& Tagini, 2017), including past work that examined associations between environmental
parameters and cognitive performance, due to their sensitivity to said exposure conditions
(Cedefio Laurent et al., 2021; Saenen et al., 2016). The Stroop test presents text in a certain font
color, and the participant is to identify the color of the font (not the written word) as quickly as
possible (MacLeod, 2006; Stroop, 1992). The written word is typically a color (in this study
“Red”, “Blue”, “Green”, or “Purple”), but can also be “XXXX”. A Stroop test can be a
congruent condition when the written color matches the font color (“Blue” written in blue font),

an incongruent condition where the written color does not match the font color (“Blue” written in
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green font), and a neutral condition where “XXXX” is presented as the text in any font color
(e.g., “XXXX” in green font). A visual example of this is given in Figure 2 where the intended
correct answer to this incongruent condition is green. In this study, each Stroop test consists of
twenty of these trials, with various combinations of congruent, incongruent, and neutral
conditions. The Stroop test evaluates selective attention and inhibitory control as it requires
selection of relevant sensory information and inhibition of dominant information (Cedefio
Laurent et al., 2021; MacLeod, 2006; McMorris, 2016; Stroop, 1992). Applying this to the
example in Figure 2: one must inhibit the inclination to select the written word as the answer
(“Blue”, in this example) and instead select the color of the font (green, in this example). The
Arithmetic test is more familiar and asks participants to complete two-digit addition and
subtraction prompts. For example, the correct answer for the “47+32” prompt in Figure 2 is 79.
In this study, each Arithmetic test consists of ten of these individual trials. The Arithmetic test
evaluates cognitive speed and working memory (Cedefio Laurent et al., 2021; Cragg et al., 2017;
Y. Zhang et al., 2022), which is the ability to retain information in a readily usable way (Cowan,

2014).
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Stroop test Arithmetic test

Answer the following addition
or subtraction questions

Select the first letter of the
name of the FONT COLOR, as
quickly and as accurately as
possible:

47 + 32

Figure 2: Example of Stroop (left) and Arithmetic (right) tests, as performed by participants in
the study’s smartphone research application.

Cognitive scores were calculated from the raw participant responses to both tests.
Responses to all trials within a single test (twenty trials for a Stroop test and ten trials for an
Arithmetic test) were used to calculate these cognitive metrics for each completed test. Speed
and accuracy are the typical dependent variables of these tests (Liesefeld & Janczyk, 2019;
MacLeod, 2006; McMorris, 2016), and so throughput, the number of correct responses per unit
time (calculated by dividing the number of correct trials by the entire response time, and
converting to units of n correct / minute), and response time, the total time taken to complete all
trials within a test (in units of milliseconds), were calculated for each Stroop and Arithmetic test
response. These metrics were chosen because they represent speed and accuracy in a manner that
is straightforward both to calculate and interpret. Beyond these, additional metrics were
calculated to represent the “Stroop effect”, which is the difficulty in inhibiting the more

automated process, which in this case is, naming the color of the font and not the written word
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(Mitchell & Potenza, 2017; Scarpina & Tagini, 2017; Stroop, 1992), and manifests as increased
errors and slowed response times when completing incongruent Stroop trials. Scores representing
the Stroop effect are calculated in different ways depending on the type of Stroop test
administered and author approach (Periafiez et al., 2021; Scarpina & Tagini, 2017). To represent
the Stroop effect in this study, we calculate average response time (referred to herein as “Stroop
incongruent response time”’) and percent correct responses per unit time for incongruent trials
only (referred to herein as “Stroop incongruent throughput”) since, in this study, trials were
randomized with differing ratios of neutral, congruent, and incongruent prompts, and so these
calculated metrics incorporate accuracy and speed in a standardized, consistent manner across all

trials.

The calculated metrics were then cleaned prior to statistical analysis, following
approaches in similar works (Cedefio Laurent et al., 2018, 2021). Trials where less than 25% of
responses were correct were excluded as it was assumed that a genuine attempt at completing the
test was not made. Responses with high response times, including a total Stroop test response
time of 100,000 milliseconds (one minute and forty seconds) or more, and a total Arithmetic
response time of 150,000 milliseconds (two and a half minutes), were excluded as these times

suggest a possible distraction or interruption.

Covariate Measurement

In addition to administering the cognitive tests, the smartphone research application was
also used to collect baseline and covariate data. Over the study period, a series of baseline
surveys were sent to participants to gather information about their background and
demographics. Furthermore, each cognitive test was paired with a short survey that included a

question about whether each class was attended in-person or not. Responses to this question were
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used to ascertain whether participating students were in their scheduled classroom and exposed

to the conditions measured by the in-room monitors.

Statistical Methods

Exposure, outcome, and covariate data were combined to create an analysis dataset of
273 observations from 54 participants, further described in Figure 3. Each observation in the
analysis dataset includes the calculated cognitive test scores from a single response to a cognitive
test, paired with the summarized class conditions that correspond to the class time and location
of that cognitive test response. One dataset was created for each of the six calculated summary
statistics (i.e., mean; median; 75" percentile; 95" percentile; standard deviation, SD; and
coefficient of variation, CV) for class CO.. Only tests that were paired with complete survey
responses that indicated the participant attended their class in person are included in this
analysis. A flowchart of inclusion criteria leading to the final analysis dataset is presented in

Figure 3 below.

Classrooms for Health Study:
811 cleaned CogFx test responses,
71 participants

Did not complete paired survey |
(-196 tests) i

| 615 CogFx tests, 70 participants

Did not attend class '
(-342 tests) :

273 CogFx test responses, 54 participants
Arithmetic: 159 tests, 46 participants
Stroop: 114 tests, 40 participants

Figure 3: Flowchart showing data inclusion criteria that produced the final analysis dataset.
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This analysis dataset was then used to construct a series of mixed effects statistical
models to explore the associations between summarized classroom CO2 concentrations and
calculated cognitive scores. A separate model was constructed for each of the six calculated
cognitive metrics, treating each as the outcome of interest in its respective model. A set of these
six models was constructed for each calculated summary statistic (mean, median, 75" percentile,
95" percentile, SD, and CV) of class CO, concentrations. Distributions of all six cognitive scores
were assessed for treatment in the models. Stroop throughput, Stroop incongruent throughput,
and Arithmetic throughput followed normal distributions and were modeled as continuous
variables using a linear model assuming a normal distribution. Stroop response time, Arithmetic
response time, and Stroop average incongruent response times were log-transformed to meet the
assumption of normality and then also modeled as continuous variables using a linear model
assuming a normal distribution. Distributions were inspected for any lagging outliers that should
be removed prior to running the models. The primary exposure of interest is classroom COz,
which was modeled with a cubic regression spline to allow for non-linear associations. Since this
study measured natural variations in classroom CO3, the CO- exposure variable in the model
incorporates the direct effect of CO2 on cognitive performance and other unmeasured factors
associated with natural variations in CO2 via ventilation and occupancy (Cedefio Laurent et al.,

2021; Du et al., 2020).

Models also include control for temperature and RH since these parameters could
confound the association of interest as they are associated with variations in indoor CO>
concentrations and cognitive performance, as demonstrated in past work (Cedefio Laurent et al.,
2018; Lan et al., 2022a; Porras-Salazar et al., 2021; Seppénen et al., 2006). Temperature and RH

were also initially modeled with cubic regression splines to allow for non-linear associations,
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which past research has sometimes observed for temperature (Dedesko et al., 2022; Seppéanen et
al., 2006). Classroom PM2s and TVOC concentrations were not included in the models since
measured values were low (i.e., mean and interquartile range values of 340 ppb and 161-435 ppb
for TVOC and 0.5 ug/m?® and 0-1 ug/m? for PM. ) and comparable among classrooms and
therefore unlikely to influence the results (either via prediction or confounding). We controlled
for school to account for statistical differences observed between environmental exposures and

cognitive test scores, in addition to potential unmeasured differences, between schools.

Next, we controlled for learning effects in each of the six models by controlling for either
the first test response for each participant or by controlling for test number for each participant
(Cedefio Laurent et al., 2021; Goldberg et al., 2015; Young et al., 2024). We explored both
control options for each of the six cognitive models and selected either first test or trial number
based on the lower Akaike Information Criterion (AIC) value, as well as magnitude, direction,
and statistical significance of the effect estimates (e.g., directionally consistent, increasing effect
estimates with evidence of statistical significance would indicate continued learning effects
beyond the first test and a need to control for trial number). Based on this exercise, we controlled
for trial number in the four Stroop models and first test in the two Arithmetic models, which
corresponds to our hypothesis that participants are less familiar with Stroop tests than Arithmetic
tests and therefore continue to improve with continued test taking (i.e., trial number). Moreover,
controlling for trial number in Stroop models helps to control for differences in the ratios of
incongruent, congruent, and neutral prompts among trials. Finally, we included participant-
specific random effects to account for correlations among cognitive test responses from the same

participant over time.
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Beyond this base model construction, we also conducted a series of sensitivity analyses to
investigate the robustness of the base model estimates. Since the classrooms in this study are
very similar, and actually identical at one of the schools, we ran a series of models where we
included classroom-specific nested random effects (i.e., participant-specific random effects
nested within classroom-specific random effects) to account for potential correlation among
multiple responses from participants in the same classroom over time. Additionally, after running
the base models for all six summary statistics of class CO2, we conducted a temporal analysis to
understand how the timing of various class CO2 concentrations relate to the timing of the
cognitive tests to help elucidate potential biological mechanisms of CO2 underlying the modelled

associations.

Results

Participants

A summary of the characteristics of participants included in analysis, except for one
participant who did not complete the background survey, is presented in Table 1. As shown in
the table, most participants were in their twenties (26 + 3.5 years of age, on average), White or
Asian (~45% and ~32%, respectively), and female sex assigned at birth (~74%). Approximately

half of participants originated from the United States and the other half elsewhere.
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Table 1: Participant Characteristics for Classrooms for Health CO. analysis

Characteristic

Overall (N=53)

Sex Assigned at Birth
Female
Male
Prefer not to say
Age
Mean (SD)
Median [Min, Max]
Hispanic, Latino, or Spanish Origin
No: not of Hispanic, Latino/a/x, or Spanish origin
Yes: another Hispanic, Latino/a/x, or Spanish origin
Yes: Mexican, Mexican American, Chicano/a/x
Yes: Puerto Rican
Race
Asian or Asian American
Black or African American
Some other race

White or Caucasian

White or Caucasian or Native Hawaiian or Other Pacific Islander

White or Caucasian or Some other race
US Origin

No

Yes

39 (73.6%)
12 (22.6%)
2 (3.8%)

26.2 (3.48)
26.0 [21.0, 42.0]

45 (84.9%)
5 (9.4%)
2 (3.8%)
1 (1.9%)

17 (32.1%)
6 (11.3%)
4 (7.5%)

24 (45.3%)
1 (1.9%)
1 (1.9%)

26 (49.1%)
27 (50.9%)

Note: One of the 54 participants included in analysis did not complete the baseline survey and is

therefore not included in the above table showing characteristics for 53 of 54 participants.
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Exposures

A summary of all measured values of CO2, temperature, and RH included in analysis are
presented in Table 2. Summary tables for each of the calculated summary statistics used for
association modeling are provided in Appendix A. Overall, class temperatures are within the
range typically deemed “comfortable” for human occupants (interquartile range of 23-24 °C)
(ANSI/ASHRAE Standard 55-2017), but most mean RH values are below the recommended 30-
60% range for indoor spaces (Arens et al., 2020). Most measured classroom CO> concentrations
fell below 900 ppm (75" percentile value of 874 ppm), which is low compared to the levels
previously observed in buildings (Fisk, 2017), but expected with higher levels of outdoor air

ventilation.

Table 2: Summary of measured classroom conditions included in the analysis dataset.

Variable Mean  SD Ccv Min p25 p50 p75 p95 Max

Temperature

©) 23 1.2 0.053 20 23 23 24 25 29

RH (%) 25 7.1 0.29 11 19 24 30 37 47

CO: (ppm) 728 223 031 439 558 650 874 1175 1631
Outcomes

Calculated cognitive test scores indicate that on average, each Stroop trial takes 1.2
seconds (£ 0.4) to complete and that fifty Stroop trials (= 19) would typically be completed per
minute (average throughput). Each arithmetic trial takes approximately 5.1 seconds (x 1.8) and
approximately twelve trials (£ 4) are completed each minute, on average. The 114 Stroop test
responses and 159 Arithmetic test responses included in this analysis occurred between

November 2022 and April 2023.

26



Modeled Associations

Estimates from the adjusted models suggest that exposures to lower classroom CO-
concentrations are associated with improved cognitive test scores. A visual representation of the
observed associations between 95" percentile class CO2 concentrations, representing peak
exposures, and cognitive test scores are presented in Figure 4. Figures 4a and 4e show decreases
in throughput with increasing CO> (95th percentile values), indicating a decrease in the number
of correct trials completed per minute at higher peak CO, exposures for both Stroop and
Arithmetic tests. Figures 4b and 4f show increases in response time with increasing average CO>
(95th percentile values), indicating slower cognitive speed at higher peak CO2 exposures. With
respect to the Stroop effect, Figure 4c shows an increase in average incongruent response time
with increasing 95" percentile CO, and Figure 4d shows a decrease in Stroop incongruent
throughput with increasing 95" percentile CO,. These two plots suggest that increases in peak
indoor CO- concentrations are associated with an increase in the Stroop effect, which manifests

as slowed response times and/or increased errors.
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Figure 4: Plotted splines from mixed effects models showing the estimated associations between
95th percentile class CO2 concentrations, representing peak exposures, and cognitive test scores.
Models were adjusted for class temperature and RH, school, and learning effects, and included
participant-specific random effects. All response time metrics are log-transformed to meet the
assumptions of normality. All throughput metrics already met the assumptions of normality.

Since the plotted spline terms for indoor CO2 show linear associations overall, the models
were re-run with linear terms only. A summary of model estimates is presented in Table 3 with

95" percentile classroom CO; concentrations representing peak CO, exposures and mean
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classroom CO; concentrations representing central or average CO2 exposures. The estimates
show that a 100-ppm increase in peak classroom CO2 (95" percentile concentration) is associated
with approximately one less correct Stroop trial per minute and approximately a 6% slower
response time, while controlling for all other variables in the model. For arithmetic responses, we
observe approximately one less correct arithmetic trial per two minutes and a 5% slower
response time. For the model estimates using central (mean) CO2 concentrations, we see weaker
statistical evidence overall and similar or smaller estimated effect magnitudes. The adjusted R?

value was <0.25 for all models.
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Table 3: Effect estimates from mixed effects statistical models for the association between
classroom CO2 concentrations and calculated cognitive test scores among participants in this
study.

Per 100-ppm increase in CO»
Cognitive Test Outcome Change in Outcome (95% Cl) p-value

Peak Class Exposures: 95" percentile CO, concentration
Stroop (n=113)

Throughput (n correct / minute) -1.13 (-3.4,1.13) 0.33

Incongruent throughput (% correct / minute) -0.26 (-0.51, -0.012) 0.043 *
Response time (milliseconds) 2 1.06 (1.02, 1.1) 0.0070 *
Average incongruent response time (milliseconds) @ 1.05 (1.03, 1.08) 0.04 *

Arithmetic (n=159)
Throughput (n correct / minute) -0.53 (-1.01, -0.04) 0.034 *
Average response time (milliseconds) 2 1.05 (1.01, 1.09) 0019 *

Central Class Exposures: Mean CO; concentration
Stroop (nN=113)

Throughput (n correct / minute) -0.29 (-2.51, 1.94) 0.80
Incongruent throughput (% correct / minute) -0.17 (-0.42, 0.09) 0.20
Response time (milliseconds) 2 1.03 (0.99, 1.08) 0.093
Average incongruent response time (milliseconds) @ 1.02 (0.99, 1.04) 0.53

Arithmetic (n=159)
Throughput (n correct / minute) -0.52 (-1.06, 0.02) 0.060
Average response time (milliseconds) @ 1.05 (1, 1.09) 0.037 *

2 Effect estimates in the table have been exponentiated (since outcome variables were log-
transformed prior to model inclusion) and are therefore interpreted as factor changes in test
outcomes.

The results from the sensitivity analyses strengthen the above base model findings and
provide further insights. Beginning with the models that include participant-specific random
effects nested within classroom-specific random effects, we did not find evidence of classrooms
explaining away the observed associations between CO> and cognitive tests scores, as the above

model results held. Moving on to the assessment of models from all six summary statistics of
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class CO2, models incorporating the SD or CV of classroom CO2 concentrations showed no
evidence of directionally consistent or statistically significant associations with cognitive test
scores. Models using median (as another central CO, exposure statistic) and 75" percentile CO;
concentrations (as another peak CO. exposure statistic) show directionally consistent, but
statistically weaker, evidence of the associations observed with mean and 95" percentile CO;
concentrations. Finally, after observing larger estimated effects and stronger statistical evidence
from models using 95" percentile CO2 concentrations, we investigated the timing and contextual
implications for these peak (95" percentile value) CO, concentrations. One potential hypothesis
was that 95" percentile CO, concentrations occur towards the end of class due to a continuous
buildup of CO2. Accordingly, we assessed the “time to peak” CO2 concentration, defined as the
minutes between the start of class and the time of occurrence of the 95 percentile CO>
concentration in each class period included in analysis. The mean and median time to peak
values are forty and 34 minutes, respectively, indicating that these 95 percentile CO>
concentrations occur roughly in the middle of the eighty-to-ninety-minute classes examined in
this study. Plots of temporal CO2 concentrations during class periods in analysis were
constructed and visually inspected and show a range of scenarios, such as 1) initial increases in
CO2 concentration towards a steady state concentration for most of the class and 2) greater
variation in CO2 concentrations, suggesting an influence of demand-controlled ventilation
(Pistochini et al., 2023), which was in operation at one of the schools. Sample temporal CO>
concentration plots for randomly selected classrooms and class periods in analysis are provided

in Appendix A.
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Discussion

Association between Indoor CO2 and Cognitive Performance

In this prospective longitudinal observational study, lower peak and central indoor CO>
exposure concentrations, resulting from higher outdoor air ventilation rates and/or lower
occupancy, are associated with improved cognitive test scores among the young-adult graduate
student participants attending classes in the monitored academic buildings. Modelled effect
estimates are directionally consistent for all six cognitive outcomes analyzed for peak and central
summary statistics of class CO2 and have varying levels of statistical significance. These findings
are particularly interesting given the small size of the analysis datasets (n=273) and low levels of
indoor concentrations of CO», relative to other indoor environments where CO. concentrations
above 1,000 ppm and even 2,000 ppm have been observed (Fisk, 2017) or are expected, based on

ventilation rates commonly adopted in practice (Fox, 2023).

These findings are supported by past work that has found evidence of an association
between indoor COz, as influenced by ventilation and/or occupancy, and cognitive performance
metrics at low concentrations of CO.. For example, one prospective observational longitudinal
study following 302 office worker participants in six countries administered the same Stroop and
Arithmetic tests over a wider range of higher indoor CO> concentrations (up to 2,500 ppm), but
with most falling below 900 ppm (approximate 75" percentile value). Using a higher-powered
analysis dataset (2,776 Stroop tests, 2,583 Arithmetic tests), these authors observed directionally
consistent, and overall, statistically stronger evidence of lower cognitive performance with
increasing CO2 concentrations over the range of measured values. Interestingly, plotted spline
terms from their general additive mixed models showed a linear, no-threshold association

between increasing CO> concentrations and lower Stroop scores for both throughput and
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response time, suggesting that continuous decreases in indoor CO; concentrations, even towards
the lowest feasible level (i.e., most of their measurements falling below 900 ppm), are associated
with continuous improvements in cognitive performance (Cedefio Laurent et al., 2021). This
agrees with the suggested effects at the low concentrations observed in this study, and other past
works. A different study of 499 female students attending class at a university in Jeddah, Saudi
Arabia found a statistically significant (p<0.05) decrease in cognitive performance (based on
error %s from vigilance and memory tests) at 1,000 ppm CO2 compared to 600 ppm COo,
achieved via adjustments to the building’s central ventilation system outdoor air provision, while
holding other environmental conditions constant and adjusting for potential confounders (Riham
Jaber et al., 2017). Moreover, an experimental study of 24 professional adult employees in an
environmentally controlled office setup revealed an increase in scores (25% on average) in eight
out of nine cognitive domains assessed by the Strategic Management Simulation Tool, when
ventilation rates were increased from 20 cfm/person to 40 cfm/person (equating to indoor CO>

concentrations of roughly 945 ppm vs. 550 ppm, respectively) (Allen et al., 2016).

Biological Mechanisms

While the collective findings suggest that higher indoor CO> concentrations are
associated with lower cognitive performance, our findings around peak exposures provide
additional insights for the potential biological mechanisms of CO2 on cognitive performance.
From our analysis, the effect estimates are largest in magnitude and strongest in terms of
statistical significance for 95" percentile class CO, concentrations, suggesting that maximum
indoor CO> concentrations, as opposed to average, might be more relevant to cognitive
performance. Moreover, the finding that these 95™ percentile concentrations vary in timing, but

typically occur in the middle of class, and not exceptionally close to the occurrence of the post-
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class cognitive tests, raises further questions around our understanding of the biological
mechanisms CO; exposures act through to influence cognitive performance. Many biological
mechanisms have been suggested, including an inflammatory response (Thom et al., 2017b,
2017a); elevated heart rate and associated autonomic system changes (Rodeheffer et al., 2018;
Snow et al., 2019; Zhang et al., 2016); direct changes to the cerebrospinal fluid environment in
the brain (since CO> can cross the blood-brain barrier) (Cronyn, 2012); various physical
symptoms, such as drowsiness and headache (Snow et al., 2019) that can impair cognitive
abilities in-turn (Jacobson et al., 2019); and other biological mechanisms related to other
parameters affected by ventilation and occupancy, such as bioeffluent concentrations (Maula et
al., 2017) and/or the microbial composition of outdoor air (Meadow et al., 2014), that are at play
and also not fully measured nor understood at this time. Although the exact mechanisms are not
fully clear, the findings that peak CO2 exposures appear to have stronger associations with
cognitive test scores, while also not being exceptionally acute to the time of tests, suggests that
there are lasting biological effects and that peak CO> exposures could have lingering associations

with cognitive performance.

Limitations and Strengths

Although our findings are based on a limited study scenario and dataset, we observe
statistically consistent and significant evidence that is robust to multiple sensitivity analyses and
further supported by an established body of evidence. However, there are inherent limitations
that cannot be addressed with additional analysis or support from other work. First, our study
population is dominated by White and Asian females in their twenties, with high levels of
education, which is not representative of other populations and limits the generalizability of these

findings. Moreover, the monitored lecture halls in this study are at a well-funded and well-
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maintained university. The measured exposure concentrations in this study are low relative to
concentrations previously found in other built environment settings (Fisk, 2017; Persily, 2020)
and may not be representative of the range of CO> levels encountered in other buildings,
especially schools where recent reports have highlighted the need for pervasive improvements to
ventilation systems (Pampati et al., 2022). Also related to the exposures in this study is the
inability to perform quality assurance, quality control (QAQC) testing prior to study
measurements since the environmental monitors were already in place for operational, not
research, purposes. However, as discussed in the methods section, all sensors came pre-
calibrated to operate within the manufacturer-reported accuracies, and so the lack of QAQC
testing is not a concern for our study’s main focus of association modeling. Furthermore, since
our exposures are continuous and errors are nondifferential with respect to the cognitive test
scores, any bias in the modelled associations would be towards the null, meaning that the true,

unbiased associations could be greater than those estimated in this work.

Moving on to the outcome, a main limitation is the lack of formal consensus on cognitive
test scoring, which can limit comparison across studies but does not bias results within a study
(Scarpina & Tagini, 2017). This is primarily a concern for metrics representing the Stroop effect,
since throughput and response time metrics across all trials are more straightforward and
objective to calculate. We tried to overcome these challenges by devising Stroop effect scores
(i.e., Stroop incongruent throughput and response time) in a manner appropriate for test
administration in this study, but potential differences should be kept in mind when comparing to
other studies. Furthermore, although these cognitive test scores provide objective cognitive
performance measures for analysis that are challenging to intentionally bias and representative of

some types of testing students perform (e.g., math exams), they are not representative of the
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range of work performed in education environments. Other works have assessed basic domains
of performance, such as basic activity level, but also more involved domains of cognitive
performance, such as information usage, breadth of approach, strategy, and found similar
associations between lower indoor CO> and/or higher ventilation rates and improved measures of
performance (Allen et al., 2016). So, although we use circumscribed scores from cognitive tests
designed for study administration, the results from this study and others suggest that CO>
concentrations, as affected by ventilation and occupancy, are associated with both these isolated,
objective cognitive test scores, and other types of work and performance more reflective of the

range observed in real-world settings.

Finally, the classroom CO concentrations in this study are a result of both ventilation
rates and occupancy, neither of which are known. Class attendance varies substantially, making
ventilation rates challenging to estimate and therefore recommend. Approximately 70% of all
class average COz concentrations in this study were below the CDC specified limit of 800 ppm
(CDC, 2023). Converting ASHRAE’s ventilation rates for infection control for education
facilities to equivalent CO. concentrations, reveals slightly lower targets, ranging from 600-660
ppm (resulting from ventilation rates ranging from ~42-53 cfm/person), depending on the
specific education setting (ASHRAE, 2023; Fox, 2023). Our study provides evidence of a benefit
to maintaining indoor CO> concentrations at and below these targets, as we observe linear
associations between continuous decreases in CO, towards ambient conditions and improved
cognitive test scores. Future work that follows a similar study methodology, but sets and
monitors specific ventilation rates could further narrow and strengthen these practical
recommendations, which should eventually and ideally be contextualized against the energy

expenditure required to ventilate indoor spaces to such conditions.
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Despite these limitations, the study design and statistical approach provides consistent
and statistically significant evidence that lower concentrations of central and peak indoor CO2,
resulting from higher ventilation rates and/or lower occupancy, are associated with improved
cognitive test performance. The adjusted R? values indicate that up to 25% of the variation in
cognitive test scores can be explained by the variables adjusted for in the model. So, while it is
evident that there are other variables not included here that influence the cognitive test scores,
the model outputs suggest that the few environmental factors and covariates included in our
models are still associated with and important to cognitive performance. This builds upon past
research that has demonstrated an improvement in student performance when ventilation rates
are increased (Haverinen-Shaughnessy & Shaughnessy, 2015; Wargocki & Wyon, 2007b,
2007a). Additional research that addresses the aforementioned study limitations would help
elucidate the range of effects possible in different educational settings beyond this present study.
Extension of this research to schools with poor ventilation is especially important to understand
the likely larger benefit to student learning and performance in schools that need it most. This is
a tremendously important research precedence since in-person education is a post-pandemic
priority and even this study of healthy young adult students in well-operated buildings showed
that higher concentrations of indoor CO; are associated with lower cognitive test performance.
Extension of this existing research could help further our understanding of the building
operational conditions that improve student performance and health and, ideally, motivate

upgrades to school facilities for students who could benefit the most.

Conclusion

This prospective, longitudinal observational study provides evidence that lower indoor
COz exposure concentrations, achieved via ventilation and occupancy, are associated with
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improved cognitive test scores among a young-adult graduate student population. The strongest
statistical evidence for the associations with peak CO2 concentrations and their typical
occurrence in the middle of classes suggest that peak CO2 exposures have pronounced and
lasting effects on cognitive performance that are important to further understand and intervene
upon. The classrooms in this study had implemented COVID-19 risk management strategies,
namely increased outdoor air ventilation rates, which were in effect during the study period and
suggest that higher outdoor air ventilation rates can help improve student learning and
performance in educational settings. This study suggests a benefit of increased outdoor air
ventilation, beyond infection control, even among healthy, young-adult students attending
classes in well-operated and maintained facilities. The benefit to students could be even greater if

ventilation upgrades are made in facilities with low levels of outdoor air ventilation.
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CONDITIONS: ASSOCIATIONS BETWEEN ENTHALPY, COGNITIVE FUNCTION,

AND THERMAL SENSATIONS

Sandra Dedesko *°, Joseph Pendleton?, Anna Young? ¢, Brent A. Coull 2, John D. Spengler?,

Joseph G. Allen?
Affiliations

a Harvard T.H. Chan School of Public Health, 401 Park Drive, 4" Floor West, Boston, MA,

02215, USA

b Harvard Graduate School of Arts and Sciences, 1350 Massachusetts Avenue, Cambridge, MA,

02138, USA

Abstract

Motivated by a body of recent evidence that has found discrepancies with established
thermal models predicting comfort and work performance, we investigated multiple
characterizations of thermal conditions and associations among thermal variables, cognitive
performance, and thermal perceptions. Measurements of classroom dry-bulb temperature and RH
were used to calculate a suite of eleven thermal variables, which were paired with thermal
sensation votes and cognitive test responses from graduate students attending classes in these
monitored spaces to create an analysis dataset of 273 observations from 54 participants. Results
from Spearman Rank correlation coefficients, supported by factor analysis and principal

component analysis, suggest that the eleven thermal variables cluster into three groups related to

39



indoor temperature, indoor RH, and indoor-outdoor differences. Accordingly, we observed
distinct patterns of association for each group from a series of mixed effects statistical models.
Indoor enthalpy appeared to incorporate the heat and moisture components of air in the most
comprehensive, balanced manner, while also exhibiting consistent and strong associations with
cognitive test scores and thermal sensation. Higher values of indoor enthalpy appear to be
associated with improved cognitive test scores and warm sensations, and warm sensations appear
to be associated with improved cognitive test scores. Additional research is needed to understand
how these findings might differ when applied to different populations and built environment
settings. The collective results posit new considerations for how we express the heat and
moisture components of air with respect to occupant outcomes and how these outcomes can be

supported through building operation.

Introduction

Indoor thermal conditions have a prominent influence on occupant satisfaction with the
indoor environment (Arsad et al., 2023; Charles, 2003; Sherman, 1984), and buildings consume
substantial amounts of energy to maintain comfortable thermal conditions for occupants.
Commercial and residential buildings in the United States of America are estimated to consume
and emit approximately 40% of primary energy and greenhouse gas emissions, respectively
(Négeli et al., 2018; US DOE, 2015), with space conditioning typically being the largest end use,
accounting for anywhere from approximately 30-50% of all end use consumptions (U.S. Energy
Information Administration, 2022, 2023). Accordingly, it’s important that the energy used for
space conditioning achieves the desired goal: primarily, providing thermally comfortable indoor

spaces that support building occupants and their activities.
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In North America, the historical occupant focus of indoor thermal conditions has been on
achieving “thermal comfort”, which is often defined as “the condition of mind that expresses
satisfaction with the thermal environment and is assessed by subjective evaluation” (ASHRAE,
2023) or “conditions wherein the average person does not experience the feeling of discomfort”
(Olgyay et al., 2015). The Predicted Mean Vote (PMV) model (Fanger, 1967, 1970) is regarded
as the most recognized thermal comfort model (Gilani et al., 2015) and is used globally (Li et al.,
2020; Ruya & Augenbroe, 2018; Taleghani et al., 2013), as it has been incorporated into various
standards used in building design and operation (ASHRAE, 2023; ISO 7730: Ergonomics of the
Thermal Environment, 2015). The PMV model incorporates four indoor environmental variables
(dry-bulb temperature; RH; mean radiant temperature, MRT; and air speed) with two individual
thermal variables (clothing insulation and metabolic rate) to predict the mean thermal sensation
(not preference) of a building occupant population (Fanger, 1970; Sherman, 1984). Although the
PMV model is the most pervasively used in practice (Li et al., 2020) since its creation in 1970
(Fanger, 1970; van Hoof, 2008), there is growing evidence that it has low predictive accuracy
when applied to more recent built environment settings. For example, one study used the world’s
largest thermal comfort field study database to compare PMV model predictions to occupant
thermal sensations votes and found that the PMV model had a low predictive accuracy of 34%
while a completely random model had a predictive accuracy of 17% (Cheung et al., 2019).
Although this model performance is low, it is not totally surprising considering more recent
research moving towards individual thermal comfort models (Kim et al., 2018), noting that
thermal comfort is a dynamic and highly individual sensation based on changing environmental
conditions and individual physiological and psychological states (Arens et al., 2020; Karjalainen,

2012; Khovalyg & Ravussin, 2022; Lan et al., 2011).
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This dilemma in thermal comfort models is similar to a related stream of indoor thermal
research. While much of the building design industry’s focus on indoor thermal conditions has
historically been on ensuring thermal comfort, a growing body of evidence is also investigating
how indoor thermal conditions influence cognitive function and/or work performance, with some
studies suggesting a strong influence (Alajmi et al., 2015; Frontczak & Wargocki, 2011). Several
earlier studies investigating indoor thermal conditions, thermal sensations, and cognitive function
and/or work performance observed inverted U-shaped relationships between indoor temperature
and work performance (L. Berglund et al., 1990; Lan et al., 2011; Seppénen et al., 2006), and
also between thermal sensations and work performance (Jensen et al., 2009; Kosonen & Tan,
2004; Lan et al., 2011). Based on this early body of work, indoor temperatures around 22 °C
(Schiavon, 2022; Seppanen et al., 2006) and slightly cool to neutral thermal sensations (e.g., -0.5
<PMV <0) (Jensen et al., 2009; Kosonen & Tan, 2004; Lan et al., 2011) were believed to
promote cognitive performance. However, more recent studies on this topic challenge these
earlier findings. A 2021 meta-analysis gathered objective measures of indoor air temperature and
work performance, normalized the data, and assessed multiple models to represent the
relationship between temperature and performance, including the model from the work that
helped establish the ~ 22 °C peaking, inverted U-shaped relationship (Seppénen et al., 2006),
multiple regression models, the Maximum Adaptability framework, and various machine
learning techniques. None of the model estimates reached statistical significance (p>0.05) and all
had low predictive accuracies (maximum adjusted R? of 0.07), leading the authors to conclude
that they are not suitable for accurate predictions and that other factors beyond just temperature
are likely important to consider when assessing the relationship between thermal conditions and

performance (Porras-Salazar et al., 2021). Indeed, others have noted that differences in building
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type, location, building occupant characteristics, and cognitive domain or work/task considered
can all contribute to differences in these modeled associations (Luo et al., 2023; Periafez et al.,
2021; Porras-Salazar et al., 2021; Riham Jaber et al., 2017; Scarpina & Tagini, 2017; Schiavon,
2022). Similar to the challenges with thermal comfort modeling, it appears that associations
between thermal conditions and work performance vary based on many factors and that it might
not be possible to devise a representative relationship between just temperature and performance

that can be accurately applied to a multitude of settings.

Interestingly, the collective findings from both streams of research on thermal conditions
with respect to a) thermal comfort and b) cognitive function, arrive at similar conclusions: 1)
established models aimed to predict these two outcomes have low predictive accuracy, and
therefore utility, when applied to modern and varied built environment settings, and 2) the
desired outcomes of thermal comfort and improved cognitive performance appear to vary based
on individual and group/population-level factors. These findings pose many issues for built
environment research and practice. First, due to the low predictive accuracy of the models
underlying building design standards, much of today’s building stock could be consuming
unnecessary amounts of energy to achieve indoor thermal conditions that neither promote
thermal comfort nor cognitive performance. Second, regardless of the predictive accuracy of
thermal comfort or cognitive function models on a group or individual basis, indoor spaces
(within zones) are still conditioned to a single setpoint temperature. Evidently, there is a need to
understand how the thermal conditions achieved through building operation influence both
thermal sensations and cognitive performance in a modern building occupant population to
determine if there is a range of indoor thermal conditions that can promote both outcomes

simultaneously, and also if these conditions can be elucidated through other characterizations of
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the indoor thermal environment, beyond the use of temperature and established thermal comfort
model estimates, such as PMV, due to the aforementioned limitations. Accordingly, we
investigate this topic by characterizing the indoor thermal environment with multiple thermal
variables and then examine associations among thermal variables, participant thermal sensations,
and participant cognitive test scores to assess how these different thermal variables associate
with thermal sensations and cognitive function, and if there is an indoor thermal condition or

range of conditions that can promote both outcomes.

Methods

Study Design

This was investigated through a prospective, observational, longitudinal cohort study
over the 2022-2023 academic year at a Boston-based university. As a result of the COVID-19
pandemic, multiple schools within the university installed real-time, continuous indoor
environmental quality monitors in classrooms as an ongoing risk management strategy. Since
these monitors provided a continuous assessment of indoor environmental quality, recruiting
graduate students attending class in these monitored spaces was an effective approach to
investigate this topic. Participation primarily involved completing short thermal perception
surveys and cognitive tests after their regularly scheduled classes using a smartphone-based
research application that had been used in similar studies (Cedefio Laurent et al., 2021; Young et
al., 2024). This outcome data was later paired with the measured class conditions for further
analysis and association modeling. All study protocols were General Data Regulation-compliant,
reviewed and approved by the Institutional Review Board at the Harvard T.H. Chan School of

Public Health, and reviewed and approved by the academic offices of participating students.
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Study Population

Participants were recruited from two schools at the University via advertisements
approved and administered by each school. Study recruitment began at the first school in
October 2022 and at the second school in January 2023, due to different approval timelines, and
remained open until the end of the study in May 2023. To be eligible for study participation, a
series of eligibility criteria had to be met, which included: be a full-time student in one of the
participating academic programs, regularly attend class in person, be between eighteen and 65
years of age, have a smartphone compatible with the study application, not be colorblind, not be
a current smoker, and not have a medical condition or take any medication that could impact

one’s thermoregulation.

Exposure Assessment: Indoor Thermal Conditions

Indoor thermal conditions are the primary exposure of interest in this study. Indoor dry-
bulb temperature (referred to herein as “temperature”) and RH are the two thermal variables
measured by the indoor environmental monitors in the classrooms. The monitors also measure
CO2, TVOCs, PMz2s, pressure, sound, and a light metric. Of all measured parameters, only
temperature and RH are incorporated as exposure variables, and CO> as a confounder; all other
measured variables were deemed inappropriate to this analysis as confounders or predictors due
to theoretical rationale or a lack of variation or magnitude in the physical measurements. For
example, while past work has shown olfactory perceptions to be intertwined with thermal
perceptions (Fang et al., 1998b, 1998a, 2004), the class average TVOC and PM. s concentrations
were all low and comparable among classrooms (class average TVOC mean + SD of 342 £198
ppb; all class average PM2 s concentrations < 2 ug/m®) and are therefore unlikely to predict or

confound the results. According to the environmental monitor’s manufacturer specifications,
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measurements are made at the following accuracies: = 0.5 °C at 25 °C for temperature, = 3% for
RH, £ 50 ppm or 3% for CO> (when temperature is between 15-35 °C and RH is between 0-
80%). Although QAQC testing could not be conducted since monitors were already installed by
facility teams for operational purposes, all classroom conditions remained within the range of
recommended operating conditions of 4-40 °C and less than 85% RH, so the measurements
should be within the manufacturer reported accuracies. Moreover, all sensors within the monitor
came pre-calibrated and were given at least seven days of startup time (which is required for the
CO- sensor due to its ongoing self-calibration method) before any measurements were included
in the study dataset. All three variables were measured and logged at a 5-minute measurement
frequency over the study period. One monitor logged only temperature and RH from March 8
through April 4, 2023 due to low battery power. Over this duration, the missing CO> values for
this one room were replaced with the CO2 measurements from the monitor with the strongest
correlation (examined both with regressions and Spearman Rank correlations to account for
potential bias), which appropriately, was the adjacent classroom. With the missing data replaced,
class average values of all three variables were then calculated for each class period that
corresponded to a participant response. Only six class periods in the final analysis dataset were

affected by the missing CO; data.

The class average temperature and RH values were retained for direct analysis and also to
calculate a suite of thermal variables for further exploration. The suite of eleven thermal
variables includes indoor variables, consisting of: temperature ( °C), RH (%), the partial pressure
of water vapor (Pwv; units of kPa), humidity ratio (kg moisture/kg dry air), enthalpy (kJ/kg),
dewpoint temperature ( °C), heat index (a combination of temperature and RH, expressed in °C,

to reflect the combined sensations of temperature and RH), and the estimated PMV score
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(unitless); and variables that contrast indoor conditions to those outdoors, including: temperature
difference ( °C), enthalpy difference (kJ/kg), and vapor pressure balance (VPB; units of kPa). All
variables were calculated objectively using only the class average temperature and RH values,
except for PMV, which was estimated using the comf package in R (Schweiker et al., 2024) and
using a series of assumptions, including an average metabolic rate of 1.0 (corresponding to the
seated desk work of students) (ASHRAE, 2023), an airspeed of 0.1 m/s (which is the default
value for indoor spaces with low air speed, as confirmed by physical spot measurements), MRT
equaling air temperature (since most classrooms in this study do not have exterior windows and
past work has shown MRT to approximate air temperature in these spaces (Dawe et al., 2020)),
and a clothing insulation value of 1.3 clo, calculated based on an estimated ensemble appropriate
for the New England heating season, which this study spanned (Tartarini et al., 2020). These
assumptions are representative of the study conditions and similar to the estimation approach

used in other past work (A. Ahmed et al., 2009; Lan et al., 2011).

Outcome Assessment: Thermal Perceptions and Cognitive Function

The two outcomes of interest in this study are cognitive performance and thermal
perceptions. We assessed both outcomes using the smartphone-based research application.
Participants received a thermal perception survey, paired with a cognitive test to complete within
a limited time after class. Participants were initially given two hours after class to complete the
activities, but this was later shortened to twenty minutes to improve the acuteness of outcome
responses with respect to class exposures. Supporting this change was the observation that 63%
of completed study activities within the two-hour window were done within the first twenty
minutes. Participants were made aware of the time changes and always received a notification on

their smartphone when study activities became available and ten minutes prior to their
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expiration. Other efforts were made to promote participation, including gamifying study

activities with points and awarding them as incentives on an on-going basis as accrued.

Thermal perceptions were assessed by administering short thermal surveys. We assessed
responses to all core thermal questions, which informed our decision of focusing our analysis on
participant’s thermal sensations. This decision is further supported by recent work that has found
the thermal sensation vote to be the most significant thermal comfort predictor (Lala et al.,
2023). Our survey question asked participants how they felt in the room they just had class in for
the majority of time and provided response options in the form of a seven-point Likert scale (i.e.,
“hot”, “warm”, “slightly warm”, “neutral”, “slightly cool”, “cool”, “cold”, illustrated in Figure 5)
following ASHRAE’s thermal sensation scale (Arens et al., 2020), which is heavily utilized in
thermal comfort research (Favero et al., 2023; Schweiker et al., 2017). Figure 5 presents this core
question as participants received it through the study application. Due to the frequency of
responses per category (most responses being “neutral”, discussed further in Results), the more
granular responses from the seven-point Likert scale were combined into three categories:
“neutral” responses remained in their own category, termed “neutral”; the three responses on the
warm side of neutral (i.e., “slightly warm”, “warm”, and “hot”) were combined into the “warm”
sensation group; and the three responses on the cool side of neutral (i.e., “slightly cool”, “cool”,
and “cold”) were combined into the “cool” sensation group. Herein, this outcome is referred to

29 ¢

as “thermal sensation” with the three response options: “warm”, “neutral”, and “cool”.
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Which best describes how
you felt for most of the
time in the ROOM YOU

JUST HAD CLASS?

Figure 5: Example of the thermal sensation question and seven-point Likert scale response
options participants received via the smartphone-based study application.

Cognitive performance was assessed by calculating various metrics from participant
responses to validated cognitive performance tests. Two tests were used in this study, including
the Stroop Color Word Test (referred to herein as “Stroop”) and the Arithmetic test. The Stroop
test assesses selective attention and inhibitory control while the Arithmetic test assesses
cognitive speed and working memory. So, while we calculate similar metrics from the test
responses, the two tests address different cognitive processes. The Stroop test in this study
consists of twenty individual Stroop trials where in each trial, there is a text prompt and the
participant must select the color of the font and not the written color. Figure 6 illustrates an
example Stroop trial where the correct answer is “green”. A Stroop trial can be congruent (where
the font color matches the written color), incongruent (where the font color does not match the

written color), and neutral (where the written text is not a color, but “XXXX"). The Arithmetic
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test is more familiar and consists of ten trials of two-digit addition and subtraction problems.

Figure 6 also provides an example of an Arithmetic trial where the correct answer is “25”.

Responses to all trials in a single test (twenty for Stroop and ten for Arithmetic) were
used to calculate various cognitive test scores. Accuracy and speed are the common dependent
variables of these tests, so we calculate throughput, the number of correct responses per unit time
(n correct / minute), and total response time (milliseconds) for responses to each test,
accordingly. For Stroop responses, we calculate two additional metrics that aim to represent the
“Stroop effect”, which refers to reductions in cognitive performance when inhibiting dominant
information to select subservient information. In this study, the Stroop effect pertains to selecting
the color of the font (subservient information) over the written word (dominant information) and
manifests as slowed response times and/or reduced accuracy when completing incongruent trials.
There are many metrics that can be calculated to represent the Stroop effect, and much variation
in the approach based on how the test was administered and other decisions made by researchers
(Periafiez et al., 2021; Scarpina & Tagini, 2017). In this study, ratios of incongruent, congruent,
and neutral prompts are not equal across all Stroop tests, so we calculate “Stroop incongruent
throughput” as the percentage of correct responses per unit time (% correct / minute) and average
response time (milliseconds) for incongruent trials within each test. The calculated metrics were
cleaned prior to analysis. Any test responses with less than 25% correct responses or a high
response time (one minute and forty seconds for Stroop tests and two minutes and thirty seconds
for Arithmetic tests) were excluded as it was likely that a genuine, distraction-free attempt was

not made (Cedefio Laurent et al., 2021; Young et al., 2024).
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Stroop test Arithmetic test

Answer the following addition
ar subtraction questions

Selact the first lstier of the
name of the FONT COLOR, as
quickly and as acourately as
possible:

52-27

Figure 6: Example of Stroop and Arithmetic tests, as performed by participants in the study’s
smartphone research app. The correct Stroop response is “G” for “Green” and the correct
Arithmetic response is “25”.

Statistical Methods

After scoring and cleaning, calculated cognitive test scores and categorized thermal
sensation responses were combined with class average exposure data to create an analysis
dataset. Only responses where in-person class attendance was verified (via a survey question)
and both the cognitive test and thermal perception survey were completed were included in the
final analysis. This resulted in 273 observations from 54 unique participants, as depicted in
Figure 7 below. The 114 Stroop test responses and 159 Arithmetic test responses included in this

analysis occurred between November 2022 and April 2023.

51



Classrooms for Health Study:
811 cleaned CogFx test responses,
71 participants

No paired comfort survey response |

(-196 tests) ]

____________________________

| 615 CogFx tests, 70 participants

Did not attend class
(-342 tests) i

____________________________

Y

273 CogFx test responses, 54 participants
Arithmetic: 159 tests, 46 participants
Stroop: 114 tests, 40 participants

Figure 7: Flowchart showing data inclusion criteria that produced the final analysis dataset.

Summary statistics, distributions, and Spearman Rank correlation matrices were first
examined to understand the exposure and outcome data. These preliminary findings (discussed
further throughout section 3.0) motivated additional supporting analyses, including factor
analysis and principal component analysis of the exposure variables. This preliminary work also
informed a series of mixed effects statistical models that incorporated the eleven thermal
variables (as exposures), six cognitive test scores (as outcomes), and three summarized thermal
sensations (as exposures or outcomes) into different exposure-outcome pairings for association
modeling. As described earlier, the two primary associations of interest include: 1) the
associations between thermal conditions and cognitive test scores, and 2) the associations
between thermal conditions and thermal sensations. As a complementary third association, we
treated thermal sensations as an exposure and investigated its associations with the cognitive test
scores. For each of these three associations, we constructed numerous models between each

applicable exposure and outcome variable. For example, to investigate the association between
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thermal conditions and cognitive test scores, a model was constructed for every thermal variable
and cognitive test score combination, resulting in 66 models (i.e., eleven thermal variables and
six cognitive test scores). For the other investigated associations, we constructed eighteen models
exploring the association between thermal sensations and cognitive test scores (three thermal
sensation variables and six different test scores), and 33 models exploring the association
between thermal conditions and thermal sensation (eleven thermal variables and three thermal
sensations).

All models, regardless of exposure or outcome, controlled for class average CO, and
school to control for confounding and potential differences between the two schools,
respectively. Thermal exposures and CO2 were modeled with cubic regression splines to allow
for non-linear associations with the outcome of interest in each model. Participant-specific
random effects were included to account for correlation among observations from the same
individual over time. Beyond these general considerations, additional specifications were made

based on the specific outcome.

For models with thermal sensation as the outcome, we constructed a series of binomial
regression models for each of the three categorized sensations (i.e., cold, neutral, warm) as
binary variables (e.g., cold or not, neutral or not, warm or not). For models with cognitive test
scores as the outcomes, we used a linear model with a normal distribution to model each of
Stroop throughput, Stroop incongruent throughput, and Arithmetic throughput. Stroop response
time, Arithmetic response time, and Stroop average incongruent response time all had to be log-
transformed to meet the assumptions of normality and were then assessed using linear models
with a normal distribution. Additionally, we controlled for learning effects in all cognitive

models by either controlling for the first test response or test number. For Stroop-based models,
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we controlled for test number since we consistently observed the presence of continued learning
effects, based on statistically significant and increasing magnitudes of effect estimates with
increasing test number. This decision was also supported by the lower AIC values for models
that controlled for test number compared to models that controlled for first test. For Arithmetic-
based tests, we consistently observed the opposite: there was no evidence of continued learning
effects and the AIC values were lower for models that controlled for first test compared to
models that controlled for test number. We controlled for first test in Arithmetic-based models

accordingly.

Following base model construction, we conducted additional sensitivity analyses to
further investigate our results. Considering the extent of literature citing perceptions of indoor air
quality and thermal conditions to be intertwined (L. Berglund et al., 1990; Fang et al., 1998b,
1998a, 2004; Kerka & Humphreys, 1956), we conducted a supporting analysis to assess if air
quality issues might be influencing our results focused on thermal sensations. Although the CO>
concentrations (and TVOC and PM2s measurements, but not included analysis) were low in this
study, compared to other indoor environments (Fisk, 2017), we investigated potential
correlations and associations between class average CO2 concentrations and participant
responses to survey questions asking about perceptions of indoor air quality. Responses to survey
questions asking participants to rate the quality of indoor air and the presence of any air quality
issues were paired with class average CO, concentrations in the same fashion as the analysis
dataset. We then constructed boxplots, t-test and analysis of variance (ANOVA) tests, depending
on the number of response options, and finally, simple logistic regression models. The logistic
regression models incorporated a spline term for class average CO> as the primary exposure

variable; controlled for temperature, RH, and school; and included participant-specific random
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effects. Two models were constructed: one with a binary outcome variable for IAQ rating being
either good or bad, and another model using a binary indicator for the presence or absence of air
quality issues. Beyond this olfactory investigation, we also ran a series of models that
incorporated participant-specific random effects nested within classroom-specific random effects
to account for potential correlations among multiple measurements from students in the same
classrooms over time. Finally, we ran a series of models with just indoor RH (no paired
temperature), outdoor enthalpy, and outdoor dewpoint temperature to assess if the associations
we observed with indoor enthalpy were indeed distinct or an artifact related to some other

variable. All data management, processing, and statistical analysis was conducted in Rstudio.

Results

Participant Characteristics

54 unique participants contributed data to the final analysis dataset. Participant
characteristics are presented in Table 4 for 53 of these participants as one did not complete the
background surveys. Most participants in this study are female (~74%), in their twenties (mean

age of 26 * 3.5 years), and White or Asian.
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Table 4: Participant Characteristics for 53 of 54 Participants Included in Analysis

Characteristic

Overall (N=53)

Sex Assigned at Birth
Female
Male
Prefer not to say
Age
Mean (SD)
Median [Min, Max]
Hispanic, Latino, or Spanish Origin
No: not of Hispanic, Latino/a/x, or Spanish origin
Yes: another Hispanic, Latino/a/x, or Spanish origin
Yes: Mexican, Mexican American, Chicano/a/x
Yes: Puerto Rican
Race
Asian or Asian American
Black or African American
Some other race

White or Caucasian

White or Caucasian or Native Hawaiian or Other Pacific Islander

White or Caucasian or Some other race
US Origin

No

Yes

39 (73.6%)
12 (22.6%)
2 (3.8%)

26.2 (3.48)
26.0 [21.0, 42.0]

45 (84.9%)
5 (9.4%)
2 (3.8%)
1 (1.9%)

17 (32.1%)
6 (11.3%)
4 (7.5%)

24 (45.3%)
1 (1.9%)
1 (1.9%)

26 (49.1%)
27 (50.9%)

Note: One of the 54 participants included in analysis did not complete the baseline survey and is
therefore not included in the above table of 53 out of 54 participants.
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Measured Classroom Conditions and Calculated Thermal Variables

A summary of the suite of calculated class average thermal variables and accompanying
class average CO> concentrations used in the statistical analysis are presented in Table 5 below.
Class average indoor temperatures range from 20-26 °C, with a tight interquartile range of 23-24
°C. On average, mean class CO2 concentrations are low (i.e., mean and 75™ percentile values are
710 and 775 ppm, respectively) compared to concentrations observed in past investigations
(Fisk, 2017) and inferred from the temporal evolution of minimum standards, which much of
today’s building stock achieves or falls below (ASHRAE, 2022; Fox, 2023; Persily, 2002, 2015).
The classrooms in this study had increased outdoor air ventilation rates as an infection risk
management strategy (Dedesko et al., awaiting submission), which agrees with these low CO>
values. Overall, class average RH is low (i.e., mean and 75" percentile values of 25% and 28%,
respectively) compared to the range of 30-60% (ASHRAE, 2016) that is recommended for
human health and comfort considerations (in addition to other built environment considerations,
such as material durability). The two metrics, heat index and PMV, focused on characterizing
human perceptions reveal that the heat index reflects a slightly lower temperature compared to
dry-bulb air temperature itself and that all estimated PMV values are negative, suggesting that on

average, this study population would have felt a cool sensation following the PMV approach.
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Table 5: Summary Statistics for Class Average Indoor Conditions Included in Analysis (n=273)

Variable Mean SD Ccv Min p25 p50 p75 p95 Max
Temperature (C) 23 1.2 0.051 20 23 23 24 25 26
RH (%) 25 6.8 0.28 12 19 25 28 36 46
CO2 (ppm) 707 207 0.29 471 562 625 771 1176 1309
Heat Index (C) 22 1.2 0.055 19 22 22 23 24 25
PMV -1.2 0.43 -0.35 -2.4 -14 -1.2 -0.96 -0.58 -0.21
Enthalpy (kJ/kg) 35 3.7 0.11 26 32 34 37 41 49
Pwv (kPa) 0.71 0.2 0.29 0.33 0.54 0.69 0.88 11 14
Humidity Ratio

(kg water/kg dry air)  0.0044  0.0013 0.29 0.002 0.0034 0.0043 0.0054 0.0066 0.0087
Dewpoint (C) 1.6 4 2.5 -8.4 -1.6 1.7 5 7.8 12
Temperature

Difference (C) 18 5.8 0.33 5.8 12 17 22 26 27
Enthalpy Difference

(kJ/kg) 19 8 0.43 4.6 12 19 25 33 42
VPB (kPa) 0.062 0.22 3.6 -0.37  -0.061  0.026 0.16 0.41 0.88

After examining summary statistics, a Spearman Rank correlation matrix was constructed

using the mean class conditions presented in Table 5. The Spearman-rank correlation coefficients

are presented in matrix form in Figure 9, which shows three groupings of very tight correlations

around temperature, RH, and indoor-outdoor differences. Due to the intensity of this clustering,

we conducted factor analysis to further investigate these observed correlations in terms of latent

factors (Schuster & Yuan, 2005). We began with six factors and followed the Kaiser rule where

factors are eliminated when the Sum of Square (SS) loadings (Eigenvalues) are less than one,

which indicates that these factors do not add additional information to the assessment. We

ultimately arrived at three factors that account for 96% of the overall variance across all eleven
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variables, and whose factor loadings follow the three groups defined by Spearman Rank
correlations. We also performed principal component analysis to assess linear composites of the
variables and found similar results. These supplementary analyses confirm the three observed
groupings, which we define and refer to herein as: 1) temperature-oriented variables, consisting
of temperature, heat index, and estimated PMV; 2) moisture-oriented variables, consisting of
RH, Pwv, humidity ratio, dewpoint temperature, and enthalpy; and 3) indoor-outdoor difference
variables, consisting of the temperature difference, enthalpy difference, and VPB. We observe
perfect 1:1 Spearman Rank correlations among all variables within the temperature-oriented
group and low correlations with variables in the moisture-oriented group, suggesting that heat
index and PMV estimates strongly reflect air temperature and not moisture. Similarly, for the
moisture-oriented group, we observe strong positive Spearman Rank correlations among all
variables within this group and low correlations with variables in the temperature-oriented group.
Enthalpy is somewhat distinct as it has the lowest, but still strong, correlation with RH within
this group (correlation coefficient of 0.86) and the strongest correlation with temperature in this
group (correlation coefficient of 0.51), suggesting that enthalpy might incorporate the heat and
moisture components of air in a distinct and more balanced and comprehensive manner than the
other temperature and moisture-oriented variables. Finally, we observe the lowest correlation
coefficients within the indoor-outdoor difference group, which combined with higher residual
variance for the factor loadings in this group from our factor analysis, suggests higher variability
within this group. Furthermore, indoor-outdoor difference variables show overall low negative

correlations with the temperature and moisture-oriented variables, suggesting these variables
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provide distinct information compared to the other two groups.
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Figure 8: Spearman Rank Correlation Coefficients Showing Three Distinct Groupings Among
Class Average Thermal Exposure Variables

Thermal Sensations and Cognitive Test Scores

Participant responses to the core thermal sensation question are presented in Figure 9
below, with the original seven-point Likert scale responses summarized on the left (Figure 9a)
and the three categorized sensations summarized on the right (Figure 9b). As shown, 50% of
thermal sensation responses were neutral, 30% were some sensation of warm, and 20% were
some sensation of cool, which counters the PMV estimates that suggested most participants
would feel a cool sensation. The small number of responses in the individual, more granular cold
and warm sensation options in the seven-point Likert scale (Figure 9a) motivated the three

sensation groupings shown in Figure 9b, as previously described, for the association modeling.
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a. Original seven-point Likert scale response b. Summarized thermal groupings
options

Figure 9: Summary of participant’s thermal sensations in the rooms they just had class.

Calculated cognitive test scores indicate that on average, one Stroop trial takes 1.2
seconds (£ 0.4) to complete and that 50 (x 19) correct Stroop trials can typically completed per
minute (i.e., average Stroop throughput). Focusing on incongruent Stroop trials only, to represent
the Stroop effect, we observe an average response time of 1.3 seconds (+ 0.5) per trial and a
Stroop incongruent throughput metric of 4.1% / minute (x1.7). Each arithmetic trial takes
approximately 5.1 seconds (£ 1.8) to complete and approximately 12 correct trials (+ 4) are

completed each minute, on average (i.e., arithmetic throughput).

Modeled Associations

Since we observed such tight correlations among thermal variables within each of the
three groups, it is not surprising that the modeled associations are similar among thermal
variables within the same group. Accordingly, and for brevity, we discuss the overall pattern of
association observed for each of the three thermal groups and then further illustrate these patterns
by presenting more detailed results, including plotted splines and model estimates, for one
representative thermal variable from the temperature and moisture-oriented groups. We discuss

temperature (paired with RH as a separate independent variable) from the temperature-oriented
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group and enthalpy from the moisture-oriented group based on practical and theoretical rationale.
Specifically, the use of temperature and RH as separate independent variables is common
practice in association modeling and epidemiology, general built environment research, and real-
world building assessments, and accordingly, we highlight temperature and RH to emphasize the
implications of this approach. We select enthalpy from the moisture-oriented group due to the
findings from the exposure assessment that it potentially incorporates both the heat and moisture
components of air in a distinct and more complete manner and also the strength of the statistical
evidence. We do not present detailed results for the indoor-outdoor difference group, as these
variables showed little evidence of meaningful, consistent, or statistically significant
associations. The results are presented with respect to the range of exposures and outcomes
included in this analysis only. We refer to “statistically significant evidence” as results reaching
the 0.05 alpha level, and “mixed evidence” as a combination/group of results reaching and not

reaching the 0.05 and 0.1 alpha levels.

Associations between Thermal Variables and Cognitive Function

We first examined models estimating the associations between class average thermal
conditions and cognitive test scores. Beginning with the moisture-oriented group, spline terms
showing the modeled associations between indoor enthalpy and the six cognitive test scores are
presented in Figure 10 below. The modeled associations suggest linear associations between
enthalpy and arithmetic test scores (Figures 10 e-f), where increases in indoor enthalpy are
associated with increases in throughput and decreases in response time. There is evidence of
nonlinear associations between indoor enthalpy and the four Stroop scores (Figures 10 a-d);
overall, we see suggestive evidence that higher enthalpy, over the 26-49 kJ/kg range examined in

this analysis, is associated with better Stroop scores as we observe higher throughput scores and
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lower response times at the higher compared to lower enthalpy range. The model estimates are

mixed in terms of statistical significance, as detailed for each spline term in Figure 10 below.
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Figure 10: Plotted spline terms from adjusted mixed effects models showing the associations
between indoor enthalpy and each of the six cognitive function scores. Associations appear
nonlinear for Stroop scores and linear for arithmetic scores. For all scores, better cognitive
scores (higher throughput or lower response times) are observed at the higher range of enthalpy
compared to the lower range. Models are adjusted for class average enthalpy and CO2, school,
and learning effects, and include participant-specific random effects.
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Moving on to the temperature-oriented variables, our models suggest that higher values
of temperature-oriented variables are linearly associated with improved cognitive performance
for all cognitive scores except Stroop throughput where we observe a nonlinear association with
temperatures around 24 °C being associated with the highest Stroop throughput scores for all
three thermal variables in the temperature-oriented group. The modeled associations are
inconsistent for RH. While in some instances, increases in RH appear to be associated with
improved cognitive scores, there are many instances where the modeled spline terms suggest no
association with cognitive scores. Statistically, the results are mixed for temperature and none of
the accompanying RH splines reach any level of statistical significance. The set of models that
includes temperature and RH as separate thermal exposure variables suggests a stronger
association between temperature and cognitive test scores compared to RH and cognitive test
scores. We present representative plotted spline terms for temperature and RH from this set of
models in Appendix B. For the indoor-outdoor difference group, we do not find evidence of a
consistent association with all six cognitive test scores for each of the exposure variables in this

group, and accordingly, no meaningful pattern of an association for the group itself.

Associations between Thermal Variables and Thermal Sensation

Next, we examined the associations between the eleven thermal variables and three
binary thermal sensation variables (warm or not, neutral or not, cool or not). Beginning with the
moisture-oriented variables, we present a sample spline term in Appendix B, which shows
suggestive evidence of indoor enthalpy values around 35 kJ/kg to be associated with neutral
sensations. For temperature-oriented variables, we observe an inverted U-shaped association,
peaking around 23-24 °C, with feeling neutral as opposed to not, as shown in Appendix B.

Appendix B also shows the complementary spline term for RH that suggests that an indoor RH
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of approximately 25% is associated with neutral sensations. Not surprisingly, we found higher
values of both temperature and moisture-oriented variables to be associated with warm
sensations, and lower values to be associated with cool sensations. We observe the strongest
statistical evidence of associations for models predicting warm sensations, mixed evidence for
models predicting cold sensations, and no statistically significant evidence for models predicting
neutral sensations. Once again, we do not observe evidence of a consistent association between

indoor-outdoor difference variables and thermal sensation.

Associations between Thermal Sensation and Cognitive Function

Finally, as a complementary assessment, we examine the modeled associations between
thermal sensations (neutral or not, warm or not, cool or not) and cognitive performance (i.e., the
six cognitive test scores). We find neither directionally consistent nor statistically significant
evidence that feeling neutral as opposed to not is associated with cognitive test scores. Instead,
we find directionally consistent evidence, with mixed statistical significance, that feeling warm
as opposed to not is associated with improved correct responses per time, and lower response
times. Conversely, feeling cool as opposed to not is associated with worse cognitive test scores
(both correct responses per time and response time), but none of these effect estimates reach
statistical significance at the 0.05 or 0.1 alpha levels. These model estimates are presented in

Appendix B.

Sensitivity Analyses

Collectively, we found no evidence of a correlation or association between CO; and air
quality perceptions, as boxplot distributions were similar, t-test and ANOVA results showed no
significant differences between groups, and the regression models showed no evidence of an

association (spline terms were nearly horizontal lines). The regression models also show little
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evidence of an association between temperature and RH with IAQ perceptions. This suggests
that participants did not typically note issues with the indoor air quality and also that there does
not appear to be olfactory interference with thermal perceptions. This furthers our confidence in
this study’s findings that indoor enthalpy appears to be associated with thermal sensations and
cognitive performance, separately from any olfactory issues. We observed no differences
between model estimates with and without classroom as a nested random effect. Finally, the
series of models with just indoor RH (no paired temperature as a separate variable), outdoor
enthalpy, and outdoor dewpoint temperature did not yield consistent or statistically significant
evidence of associations, further strengthening our observations with indoor temperature and

moisture-oriented variables, despite our small dataset and limited study scenario.

Discussion

In this work, we set out to assess the associations between 1) thermal conditions and
cognitive performance, 2) thermal conditions and thermal sensation, and, as a complement, 3)
thermal sensations and cognitive performance. In the process, we observed interesting
relationships among thermal variables themselves, how they relate to cognitive performance and
thermal sensations, and implications for our treatment and characterizations of thermal

conditions.

Thermal Variable Groups

The first key finding of this analysis is that the thermal variables we examined cluster
into three groups, correlated around indoor temperature, indoor moisture, and indoor-outdoor
differences. Due to the intensity of this clustering, it was not surprising that from our model

estimates, we then observed similar associations among thermal variables within each group.
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Although in isolation, these thermal variables provide distinct information, the findings from this
study reveal that when relating these thermal exposure variables to occupant outcomes (e.g.,
through statistical comparisons or association modelling), there are many considerations to
account for. Within the temperature-oriented group, the perfect correlations (1.0) among
temperature, heat index, and PMV estimates, and low correlations with RH (0.05) suggests that
the additional step of calculating heat index or estimating PMV provides no additional
information for association modelling beyond the use of the simple temperature measurements in
this scenario, which spans a narrow range of indoor air temperature and moisture in these well-
operated buildings. Furthermore, although both heat index and PMV incorporate RH into their
calculations, these variables appear to be primarily driven by temperature under the conditions in
our analysis, thus potentially underrepresenting indoor air moisture in these types of scenarios.
This is not necessarily surprising for heat index, given its common use in outdoor settings at
temperature and RH conditions much higher than those observed in this study and its stepwise
pattern with low sensitivity to changes in temperature and moisture at lower values. Similarly,
for the set of models that incorporate temperature and RH as separate independent thermal
exposure variables, we observed directionally consistent and statistically stronger evidence of an
association between temperature and the outcomes of interest compared to RH and the outcomes
of interest. Temperature and RH are commonly modelled as separate independent variables
(Bueno et al., 2021), but our findings suggest that this approach might emphasize the association
of temperature and not the potential importance of indoor moisture with respect to these
occupant outcomes. Indeed, past work has shown that considering temperature and RH
separately is inadequate, as the two variables can move in different directions, further supported

by the low Spearman correlation (0.05) observed in this work, yet work together on occupant
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outcomes (Rana et al., 2013). Evidently, the temperature-oriented variables, either heat index,
estimated PMV, or temperature with RH as two separate independent variables, might not
adequately represent both the heat and moisture of air, which turns our attention to the moisture-
oriented variables. Within this group, we also observe strong positive correlations among
variables within this group and consistent patterns of modelled associations. Enthalpy exhibited
somewhat lower, but still strong, positive correlations with RH (0.86) and the strongest
correlation with temperature (0.51) compared to all other variables in the moisture-oriented
group. While we still observe overall consistent patterns of association among all variables
within the moisture-oriented group, we observe the strongest statistical evidence of an
association between enthalpy and cognitive test scores and also with thermal sensations.
Although the analysis dataset is small, this collective evidence suggests that enthalpy might
incorporate both air temperature and moisture in a more complete/representative manner that is
distinct from the other variables and also more strongly associated with the outcomes of interest.
Finally, all variables within the temperature and moisture-oriented groups were calculated using
simple indoor measurements of temperature and RH. The indoor-outdoor difference variables
required additional outdoor weather data to calculate but did not provide consistent evidence of
meaningful associations with the outcomes of interest. This aligns with them being less
proximate/related to the indoor exposures experienced by participants in their classrooms and
observations from existing work where others have commented on the low utility of indoor-
outdoor differences for predicting occupant comfort (Piasecki et al., 2020). Accordingly,
obtaining outdoor weather data and calculating these variables is not essential for similar future
efforts, as simple measurements of indoor temperature and RH can provide useful information as

observed in this study.
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Modeled Associations

Beyond the findings related to the thermal exposure variables themselves, we observed
interesting patterns of modeled associations that raise many questions related to the influence of
indoor air heat and moisture on human occupants. This study occurred over the heating season in
the greater Boston area and the tight range of mean indoor temperatures (range of 20-26 °C, IQR
of 23-24 °C) are within a range deemed “comfortable” (ASHRAE, 2023) and typical of most
work environments (Foldvary Licina et al., 2018; Porras-Salazar et al., 2021). However, mean
indoor moisture was low (range of 12-46%, IQR of 18-28 %) relative to the 30-60% RH range
that is recommended for human comfort and health, among other building considerations
(ASHRAE, 2016). Accordingly, the tighter range of air temperatures and larger range of RH
measurements suggests a tighter range of heat and larger range of moisture in the air. While the
temperature-oriented variables emphasize the heat component, and most moisture-oriented
variables emphasize the moisture component, enthalpy incorporated both in the most balanced
manner. Enthalpy is a measure of the total energy content of the air, including the sensible heat
of dry air and the latent heat of moisture in the air (Dincer & Rosen, 2007; Stephens, 2016).
Indoor enthalpy correlates more closely with the moisture-oriented variables, which, combined
the tight range of temperatures and larger range of low indoor RH, suggests that in this study,
increases in air moisture are likely responsible for the increases in enthalpy, which is observed to
be associated with improved cognitive performance and warm sensations. This suggests that
participants felt warmer and perform better with higher indoor air moisture, over the tight range
of acceptable indoor temperatures and a larger, but also small, range of indoor RH observed in
this study. More broadly, these findings suggest that indoor air moisture might be more

influential to these outcomes than recent attention has devoted, since much past work has
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focused on indoor temperatures and/or a modeling approach that potentially underemphasizes the
importance of moisture, as observed with the use of temperature and RH as separate independent
exposure variables. Collectively, the findings from this investigation suggest that indoor
moisture, particularly when expressed with its paired temperature as a conjugate metric and not
as a separate, independent metric, as is the case with RH, might be more relevant to cognitive
performance than past attention has given. These findings suggest that enthalpy might be a more
complete representation of both the heat and moisture content of air with respect to these
occupant outcomes and particularly important when trying to examine the indoor conditions that

support occupants and their activities.

Comparison of the present study to past work is challenging due to the limited amount of
published research that examines indoor enthalpy or thermal parameters beyond temperature and
RH in the context of associations with cognitive performance and/or thermal sensations. A recent
systematic literature review on the topic examined sixty studies that met inclusion criteria and
found that 90% of studies utilized temperature; some works also assessed RH, CO2, and other
metrics of light and sound; and none of the reviewed studies assessed indoor enthalpy, dewpoint
temperature, humidity ratio, vapor pressure, or indoor-outdoor differences (Bueno et al., 2021).
One recent study examined associations between heat index and Stroop metrics and found
nonlinear results (Young et al., 2024), while other occupational work has used wetbulb globe
temperature meter readings to find an association between heat stress and impaired Stroop test
scores (Mazloumi et al., 2014). A few previous studies examined indoor enthalpy and occupant
satisfaction, but with respect to perceptions of indoor air quality and found that higher indoor
enthalpy, beyond the range measured in our study, was associated with poorer perceptions of

indoor air quality (Fang et al., 1998b, 1998a, 2004). A more recent study examined indoor
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enthalpy and occupant satisfaction (both with thermal and air quality conditions) under hot and
humid conditions and found at high enthalpies, beyond those in the present study (>55 kJ/kg),
dissatisfaction with air indoor air quality is greater than dissatisfaction with thermal conditions
and that the Fanger models (percent dissatisfied, using PMV) underpredicted the level of
dissatisfaction (Piasecki et al., 2020). These authors also note other motivating works where air
acceptability decreased with increasing enthalpy, but above the range in our study (Toftum et al.,

1998; Toftum & Fanger, 1999).

Mechanisms of thermal exposures on cognitive performance and thermal sensation

Although not focused on enthalpy, Harriman (2009) looks beyond indoor temperature
and RH as individual parameters and discusses dewpoint temperature with respect to thermal
comfort. He states that human comfort is driven by differences in dewpoint temperatures
between the skin surface and surrounding ambient air. A bigger difference between the two
indicates greater drying potential, which is beneficial when you want to release heat to cool off
(i.e., during the cooling season), but detrimental when you want to conserve heat and not “dry
out” to stay warm and comfortable (i.e., during the heating season). Relatedly, others have
examined skin wettedness and also noted its importance to thermal comfort. One study examined
participants during exercise and recovery and found skin wettedness to be more important to
thermal behavior than core temperature (Vargas et al., 2018). Other studies have focused on
more accurately representing skin wettedness and evaporative heat loss in thermal comfort
models, yielding substantial improvements in model predictive accuracy. One study utilized the
standard effective temperature model, with advanced human thermoregulation, to better
represent skin wettedness and heat loss via evaporation at the skin surface into the PMV model.

They then validated this model with the ASHRAE Global Thermal Comfort Database 11 and
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found the predictive accuracy to improve from 32% for the original PMV model to 64% for their
modified model for a variety of building types and settings (S. Zhang & Lin, 2021). These
authors also assessed related model modifications by other investigators who did not perform
their own validations. They found that similar efforts, such as a PMV adaptation aimed at more
accurately accounting for evaporative heat loss by basal sweating (Omidvar & Kim, 2020),
improved PMV prediction accuracy by 49%. Evidently, skin wettedness and the associated
evaporative heat loss with surrounding air shows promising importance for thermal comfort. In
our study over the heating season, we observe mean class dewpoint temperatures ranging from -
8.4 to 12 °C, with an IQR of -1.6 to 5 °C and a mean of 1.6 °C + 4 °C. Harriman (2009) notes that
a higher dewpoint means the air feels muggier and at lower dewpoints, symptoms, such as dry
eyes and skin, start to emerge. He recommends maintaining a dewpoint between roughly -1.1
and 4.4 °C during the heating season to help promote thermal comfort, while being mindful of
the energy expenditure associated with this space conditioning. Most class mean dewpoint
temperatures in our study fall within this range, and most participants voted feeling neutral,
supporting Harriman’s recommendation. However, some dewpoint temperatures in our study fall
below this range, and beyond comfort, based on our association modeling, it appears that higher
levels of indoor moisture could be beneficial to cognitive performance. Our findings with
enthalpy could be related to these suggested thermoregulation mechanisms between skin
wettedness and air via moisture exchange, especially given the high correlation between indoor
enthalpy and dewpoint temperature (Spearman Rank correlation coefficient of 0.94). While we
hypothesize skin-air moisture-based interactions as part of the underlying biological mechanisms
of our modeled associations between moisture-oriented variables and occupant outcomes, it is

likely that other mechanisms are at play with respect to indoor thermal conditions and thermal
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sensations and cognitive performance. Past studies have noted improved cognitive performance
slightly beyond neutral sensations, which many authors attribute to mental arousal from
stimulation caused by changes in brain temperatures (Kiyatkin, 2019; Tham & Willem, 2010).
Furthermore, the improved cognitive peformance we observed with higher levels of indoor
moisture could be due to reduced symptoms and perceptions of dryness, which would draw

attention away from cognitive processes.

Sensitivity Analyses

After contrasting our findings to the existing literature, we conducted additional
sensitivity analyses to further investigate our results. Collectively, we found no evidence of a
correlation or association between CO> and air quality perceptions, as boxplot distributions were
similar, t-test and ANOVA results showed no significant differences between groups, and the
regression models showed no evidence of an association (spline terms were nearly horizontal
lines). The regression models also showed little evidence of an association between temperature
and RH with IAQ perceptions. This suggests that participants did not typically note issues with
the indoor air quality and also that there does not appear to be interference with thermal
perceptions. This furthers our confidence in this study’s findings that indoor enthalpy appears to
be associated with thermal sensations and cognitive performance, separately from any olfactory
issues. From our analysis comparing model estimates with and without classroom as a nested
random effect, we observe no differences, suggesting no correlation among responses from
students in the same classroom over time. Finally, from the models with just indoor RH, outdoor
enthalpy, and outdoor dewpoint temperature as thermal exposures, we did not find consistent or

statistically significant evidence of associations, further strengthening our observations with
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indoor temperature and moisture-oriented variables, despite our small dataset and limited study

scenario.

Limitations and Next Steps

Beyond study design, analysis methods, and sensitivity analyses, there are many inherent
limitations in this work that must be addressed and considered when interpreting these results.
First, our study consists primarily of White and Asian female participants in their mid-twenties.
Past work has found females to prefer and perform better under warmer conditions compared to
males (Byrne et al., 2005; Du et al., 2023; Haynes, 2007; Karjalainen, 2012; Parkinson et al.,
2021) and that older individuals are more susceptible to the effects of thermal conditions
(Dolcini et al., 2020), which means that the findings from this study might not apply to
populations of more diverse sex and age. Relatedly, the effect of thermal conditions has been
reported to vary based on task type/complexity, with many studies finding no association
between temperature and simple tasks, but an association between temperature and complex
tasks (Luo et al., 2023; F. Zhang et al., 2019). This implies that thermal conditions might not
influence performance when the task is more straightforward and there could be more flexibility
with indoor thermal conditions. Furthermore, the indoor spaces in this study are located in the
Boston area and the measurement period included in analysis pertains to the heating season only.
Accordingly, the low values of measured RH in our study and apparent benefit of higher indoor
enthalpy (greater energy related to air temperature and particularly moisture) might not translate
to other times of year and studies in cooling-dominant climates. Indeed, past work occurring in
cooling-dominated settings found slightly cool sensations and/or lower indoor moisture to
improve cognitive performance (R. Ahmed et al., 2022; Jensen et al., 2009; Kosonen & Tan,

2004; Lan et al., 2011, 2022), even among a similar population of female graduate students, age
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16-23, but in Saudi Arabia (R. Ahmed et al., 2022). Similarly, it has been found that occupants
prefer and adapt to indoor thermal conditions differently based on their regional background and
typical climate (R. Ahmed et al., 2022; Kong et al., 2019), which again, implies that these results
would differ based on population and location. Relatedly, the measured values of indoor
temperature and RH fall within a tight range, and also low range with respect to RH, and so the
finding that higher values of indoor enthalpy are associated with warm sensations and improved
cognitive test scores are with respect to the range of indoor exposures in this study specifically.
Other work that has examined hot and humid climates found the opposite, with lower values of
temperature and moisture leading to improvements in occupant outcomes over the range
included in their studies (R. Ahmed et al., 2022; Tian et al., 2021). Moreover, although we assess
multiple thermal variables, we acknowledge that our assessment is limited to quantifications of
air heat and moisture, which is not thermally comprehensive. Although we made a series of
investigative field measurements of surface temperatures and airspeed, many limitations (i.e.,
accuracy and measurement range of the devices, no knowledge of participant locations to
calculate MRT) prevented the use of these measurements in our analysis. While most rooms are
interior with no windows to the outdoors and airspeeds were low, our assumptions for MRT and
airspeed to calculate PMV are reasonable, but not fully accurate, along with our static
assumptions for clothing insulation and metabolic rate, which are highly variable in practice
(Rana et al., 2013). Future work could also assess these parameters for a more comprehensive
assessment of indoor thermal conditions since the surface temperature scans did reveal some
variation in indoor surface temperature from interior heat sources. Nevertheless, our results are

still useful for research and practice where these involved field measurements are not possible
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and simple measurements of temperature and RH are available through in-room monitors and the

building management system.

With respect to our outcome measures, there is the possibility of recall error as
participants answered thermal surveys after class, but within a set time limit. Furthermore, the
cognitive tests used enable the objective calculation of cognitive scores, but do not reflect the
range of cognitive tasks and work performance performed in all environments. Finally, although
our statistical models control for many potential confounders while also providing the flexibility
to explore non-linear associations, interpreting the results is limited to comparing and contrasting
the modeled associations and hypothesizing potential differences and/or explanations. While we
observe more consistent and statistically stronger evidence of an association between enthalpy
and the outcomes of interest, strengthened by our Spearman Rank correlation assessment and
potential theoretical explanations from the literature, our small and limited analysis dataset does
not allow for definitive conclusions. Ideally, future work would build upon our preliminary
findings and hypotheses and investigate this topic more comprehensively with more diverse

study settings, additional thermal variables, and overall larger datasets.

Despite these limitations, the study design and statistical approach instill confidence in
our findings, which provide new considerations for the representation of the heat and moisture
components of air with respect to occupant outcomes. Collectively, the statistical findings and
theoretical explanations in the literature suggest that indoor moisture may be more important to
these occupant outcomes than previously thought, and that the commonly used approach of
investigating these outcomes with temperature and RH as separate independent variables might
not elucidate this importance. Indeed, our models that followed the common approach of

incorporating temperature and RH as separate variables emphasized temperature irrespective of
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an accompanying RH and underemphasized potential associations with RH. Indoor enthalpy
emerged as the thermal variable with the most balanced correlation with temperature and RH and
strong statistical association with cognitive performance and thermal sensations, which points to
indoor moisture being more influential to these outcomes at lower enthalpies than previously
examined (Toftum et al., 1998; Toftum & Fanger, 1999), positing a need to better incorporate
indoor moisture into our understanding of the indoor environment and its impacts on occupants.
Since enthalpy is straightforward and scalable to calculate with simple temperature and RH
measurements, while also being strongly associated with cognitive performance and thermal
sensations, it has high utility for future studies that investigate how the indoor environment
influences occupant outcomes. Future work would ideally apply this approach to further
understand how indoor moisture, and its quantification, influence occupant outcomes across a

range of populations and built environment settings, beyond those examined in this study.

Conclusion

This prospective, observational, longitudinal study provides new insights surrounding the
thermal variables we use to characterize the built environment and how they relate to occupant
outcomes. We observe that indoor thermal variables cluster into three groups related to
temperature, moisture, and indoor-outdoor differences and each of these groups exhibits distinct
patterns of associations with cognitive test scores and thermal sensations. These findings suggest
useful considerations for built environment research and practice, where in well-controlled
buildings: 1) many thermal variables are so closely related that they provide little utility beyond
one another; 2) for association modeling, temperature-oriented variables, including the common
modeling approach of treating temperature and RH as separate exposure variables, do not fully
represent a potentially important role of indoor moisture with respect to occupant outcomes; 3) a
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quantitative representation of indoor moisture with its paired temperature, as demonstrated with
enthalpy, might be more important to cognitive performance and thermal sensations, than
previously considered; and 4) higher values of indoor enthalpy, likely driven by increases in
indoor air moisture in this study, and warm sensations could promote cognitive performance
during the heating season. These considerations should be explored beyond the limited scope of
this study to understand how these findings might vary with different study populations and built
environment settings, and how the collective results could inform building operation to support

occupant thermal comfort and cognitive performance.
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Abstract

A growing body of evidence has demonstrated associations between indoor air and
thermal conditions and various cognitive performance metrics. However, most of these cognitive
metrics are measures of speed and accuracy using objective tests. Few studies on this topic have
examined a creative cognitive process, despite its importance to most knowledge-based work.
Accordingly, this work investigates associations between indoor air and thermal conditions and
divergent creative thinking scores among adult knowledge workers in commercial office
buildings across four countries over the course of approximately six months. Indoor
environmental monitors at participant workstations provided local, acute exposures of indoor

CO. and PM_ 5 concentration,s in addition to temperature and RH. Hourly averages of these
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environmental parameters were calculated and paired with participant responses to the
Alternative Uses Test, a validated assessment of divergent creative thinking, for incorporation
into a series of mixed effects statistical models. The models show statistically significant
evidence that increasing indoor CO> concentrations are associated with lower divergent creative
thinking scores, even within the lower range of CO> concentrations observed in these buildings.
Concentrations of PM2 s were also low, and there is suggestive evidence of impaired divergent
creative thinking scores with increased PM>.s concentrations. The thermal estimates suggest a
temperature range of roughly 22-26 °C to be associated with higher divergent creative thinking
test scores, while temperatures above and below this range are associated with decreases in these
scores. Overall, the present study suggests that maintaining temperatures within a normative
range and focusing on promoting indoor air quality can help promote creative thinking in

working environments.

Introduction

For a typical office-based business, an estimated 1%, 9%, and 90% of annual business
expenditure is devoted to energy, rent, and staff, respectively (BOMA, 2010; Bureau of Labor
Statistics, 2011; International WELL Building Institute, 2017; Reichardt, 2016; Terrapin Bright
Green LLC, 2012; US Department of Labor, 2010; World Green Building Council, 2014). While
much attention has been devoted towards reducing building energy consumption through the
sustainable buildings movement (Coyle, 2014; Solano Rodriguez et al., 2017), and many market
drivers influence commercial rental rates (Brooks & McArthur, 2019; Devine et al., 2024),
historically, little attention has been devoted to supporting worker performance, health, and

wellbeing, despite staff being the main business expenditure and several studies citing billions of
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dollars in economic losses due to impaired worker health and performance (Fisk & Rosenfeld,

1997; Niemelé et al., 2006; Stewart, 2003).

In addition to the evidence outlining economic losses from building-related ill-health
(Fisk et al., 2009; Niemel et al., 2006; Niza et al., 2024; Rostron, 2008; Surawattanasakul et al.,
2022), a related arm of research is demonstrating associations between various indoor
environmental parameters and cognitive performance. Robust and growing evidence suggests
that lower concentrations of indoor COz, achieved via lower occupancies and/or higher outdoor
air ventilation rates, are associated with improved cognitive performance metrics in a variety of
work-type settings (Allen et al., 2016, 2019; Cedefio Laurent et al., 2021; Du et al., 2020; Kiinn
et al., 2023; Riham Jaber et al., 2017; Young et al., 2024); however it’s been noted that the
observed effects can vary by task type and population characteristics (Du et al., 2020; Rodeheffer
et al., 2018; Satish et al., 2012). While some indoor air pollutants will vary with indoor CO-
concentrations, there is additional evidence for associations between cognitive performance
metric and other air quality parameters themselves, such as PMzs (Ailshire & Crimmins, 2014;
Cedefio Laurent et al., 2021; Saenz et al., 2018; Shehab & Pope, 2019; Wang et al., 2020;
Weuve, 2012) and volatile organic compounds (Allen et al., 2016; Arikrishnan et al., 2023). For
thermal conditions, past work has observed significant effects of indoor dry-bulb temperatures
on multiple cognitive domains, including working memory (Maula et al., 2016), long-term
memory (Cui et al., 2013), attention (Lan et al., 2011), mathematical processing (Cedefio Laurent
etal., 2018; Lan et al., 2011), reasoning (Makinen et al., 2006; Palinkas et al., 2005), and
processing speed (Schiavon et al., 2017). Most of these studies were narrowly focused in terms
of study population characteristics, geography and climate, and indoor conditions. Not

surprisingly, differences in the estimated thermal effects arise when comparing across studies
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with differences in the aforementioned factors. Some studies suggest variation in preferred
thermal conditions by group and individual factors (Arsad et al., 2023; Kim et al., 2018; S.
Zhang & Zhu, 2022), such as sex (Karjalainen, 2012; Parkinson et al., 2021), type of work
performed (Luo et al., 2023; F. Zhang et al., 2019), and the potential influence of other indoor

factors (Porras-Salazar et al., 2021).

Although there is evidence for the influence of indoor environmental conditions on
worker health and performance, complemented by the estimated economic impacts, gaps remain
in both research and practice. With respect to research, two main limitations across most studies
in this space are: 1) the use of narrow study populations and settings, which limits the
generalizability of study findings, and 2) the pervasive use of objective cognitive tests focused
on speed and accuracy (Du et al., 2020; Porras-Salazar et al., 2021), which don’t capture the full
extent of knowledge work. Moving on to practice, in the field of occupational health and safety,
organizations set threshold limit values to protect worker health from various exposures
(Congressional Research Service, 2013; United States Government Accountability Office, 2012).
These exposure limits typically apply to outdoor and industrial settings; are designed to prevent
serious ill-health outcomes, such as preventing heat stroke among outdoor workers; and are
related to physical types of work (Deveau et al., 2015; Paustenbach, 2001), and are therefore not
applicable to knowledge-based work in office environments. Although there is growing attention
on the potential for buildings to promote human health (Danivska et al., 2019; EPA, 2001;
Heidari et al., 2017; United States Government Accountability Office, 2012), and emerging
voluntary guidelines and standards promoting healthy building practices in general (Callway et

al., 2020; Gostin et al., 2023; Heidari et al., 2017), there is still a need to elucidate the indoor
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environmental conditions that promote knowledge-based work to help fill the research gap and

better inform building design and operation in practice.

Accordingly, this work aims to address these outstanding questions by investigating
associations between acute indoor air and thermal exposures and divergent creative thinking
among knowledge workers across multiple countries. In addition to being sparsely studied,
creative thinking is important to study in this context because it’s becoming an increasingly vital
skill to businesses and it’s not fully clear how it may be influenced by indoor office conditions.
Although few studies have focused on a creative cognitive process, those that do show
motivating evidence of associations between indoor air and thermal conditions and creative test
scores (Arikrishnan et al., 2023; Young et al., 2024). While there are many inherent physiologic
and genetic characteristics that appear to be associated with creativity (Moore et al., 2009), there
is also evidence that creativity can increase with various lifestyle factors and training regimes
(Blanchette et al., 2005; Haase et al., 2023; Hassevoort et al., 2020; Steinberg et al., 1997).
Accordingly, this research will help elucidate whether indoor environmental conditions are
another modifiable factor that can be used to promote creativity. This will be of high interest to
businesses since creative thinking is ranked as one of the most sought-after skills (Van Laar et
al., 2017) for both employees and employers, spanning a multitude of disciplines (Archibugi et
al., 2013; World Economic Forum, 2023), and in the wake of business disruptions due to
technological advancements (Aoun, 2017; Balkova et al., 2022) and societal changes
(Karwowski & Soszynski, 2008), such as COVID-19 (Zutshi et al., 2021). By investigating how
indoor air and thermal conditions are associated with divergent creative thinking scores among

adult office workers across multiple countries, this study aims to help address the
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aforementioned gaps in the scientific literature and also help inform how working environments

can be designed and operated to promote creative thinking.

Methods

Study Design

This topic was investigated using a subset of data from the CogFx Global Buildings
Study. The CogFx Global Buildings Study is a prospective, observational, longitudinal study that
assessed indoor environmental conditions and various health outcomes among adult workers in
commercial office buildings located in China, India, Mexico, Thailand, the United Kingdom
(UK), and the United States of America (USA), over one year within the overall study period
spanning May 2018 through March 2020. Indoor environmental conditions were assessed in
buildings using real-time, continuous monitors. Health outcomes included various aspects of
cognitive performance, physical health, and perceived satisfaction, which were assessed using
participant responses to various tests and surveys that were administered using a smartphone-
based research application. Each participant received a total of fifteen minutes of study activities
each week. All activities were sent to participants during standard working hours (Monday-
Friday, 9 am — 5 pm local time) based on either a schedule or the measured indoor environmental
conditions (e.g., an activity was programmed to send if measured indoor conditions exceeded
pre-specified thresholds). Participants were given one hour to complete each study activity and
had to be physically present in their regular office building to complete it, which was enforced
using geocoded locations and Global Positioning System (GPS) information collected by the
smartphone-based research application. If the activity was not completed within the one-hour

window, it was pre-programmed to be sent another day that week following either the same
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schedule or triggered conditions. The type of cognitive test sent to participants varied by rotating
through the full suite of cognitive tests used in this study, with each test administered up to 36
times over the entire twelve-month study period; however the number of tests completed by each
participant varied based on their participation. The measured indoor environmental conditions
and participant responses to activities were available to pair for further analysis. All study
protocols were General Data Regulation-compliant and were reviewed and approved by the

Institutional Review Board at the Harvard T.H. Chan School of Public Health.

Study Population

Participant recruitment began by first identifying employers willing and able to
participate, and then recruiting participants regularly working for participating employers.
Employers were eligible to participate if they owned or leased space in a commercial office
building, were willing and able to install continuous indoor environmental monitors within their
space, and had ten or more employees. Once eligible employers were retained, eligible
employees were recruited with a goal of at least ten participants per building with balanced
demographics in terms of age and sex assigned at birth within each building. Employees were
eligible to participate if they met the following criteria: be a full-time employee at a participating
company, have an assigned workstation and work from it at least three days each week, be
between the ages of eighteen and 64, speak at least one of the three study languages (i.e.,
Chinese, English, or Spanish), have a smartphone compatible with the research application, not

be colorblind, and not be a current smoker.

Exposure Assessment: Indoor Environmental Quality

Indoor environmental parameters were measured using commercial-grade real-time

continuous monitors installed at or near participants’ workstations. The monitors were installed

85



either by a study team member or an individual at the building with remote assistance from a
study team member. All monitors were installed at the breathing zone height of a seated
individual (0.8-1.5 m) and away from drafts, heat sources, and direct solar radiation. Due to
various restrictions with sensor connectivity, communication, and security considerations, six
different monitors had to be used across the full study, but each building received the same type
of monitor. The monitors used are as follows: Harvard Healthy Buildings sensor/Academia
Sinica or Awair Omni for India; Obotrons for Thailand; Harvard Healthy Buildings sensor or
Awair Omni for the UK; and Harvard Healthy Buildings sensor, Awair Omni, Chemi-Sense CS-
001, or Tongdy MSD-16 for the USA. All monitors measured the thermal and air quality
parameters of interest, which are temperature, RH, CO2, and PM_ 5. All sensors with
manufacturer-report accuracies are within +1 C for temperature, +5% for RH, +15 ug/m? for
PM2s, and +200 ppm for CO>; additional details of sensor-specific performance are available in
Table 1 for PM2s and Table S1 for CO- in a related study (Jones et al., 2021). QAQC testing was
conducted by study team members prior to installation for air quality parameters by co-locating
at least one monitor of each of the six types with a recently calibrated reference instrument: TSI
DustTrak, TSI Instruments, USA for PMz s sensors; QTrak 7575; TSI Instruments, USA for CO>
sensors. Co-located data was visually inspected to ensure agreement between the study monitors
and reference instruments. Hourly averages of temperature, RH, CO2, and PM2 s were calculated
for each outcome measure included in analysis, described in the following section, using data
from the participant’s assigned sensor, enforced by the geocoding described earlier, and for the
hour corresponding to the timestamp of each specific outcome response. Following convention
from similar efforts (Cedefio Laurent et al., 2021), the data was checked for values in ranges

where sensor performance is limited (Demanega et al., 2021) and should be removed for
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analysis. This includes PM,s measurements equal to or above 80 ug/m? and CO, measurements
equal to or above 2,500 ppm; however no values in these ranges were observed in the final

analysis dataset.

Outcome Assessment: Divergent Creative Thinking

The outcome of interest in this investigation is divergent creative thinking, which is
ideation to problems with no standard solution (Madore et al., 2016). This study uses derived
divergent creative thinking scores from participant responses to the Alternative Uses Test
(AUT), a validated assessment of divergent creative thinking (Dippo & Kudrowitz, 2015;
Guilford, 1967; Madore et al., 2016). The AUT works by prompting a participant with an
everyday object (e.g., “brick”), referred to herein as a “prompt”, and then the participant has two
minutes to come up with as many diverse uses for that object as possible (e.g., “doorstop”, “toy”,
and “mallet” could all be uses for the “brick”). Herein, “token-response” refers to a single use
proposed by a participant to an AUT “prompt”, and “collective-response” refers to the collection
of “token-responses” to a single AUT “prompt” (e.g., all proposed uses a participant submits to a
single AUT prompt). Using the above example, “brick” would be the “prompt”; “doorstop”,
“toy”, and “mallet” would each be a “token-response” (3 in total); and “doorstop”, “toy”, and
“mallet” would be the participant’s “collective-response”. While some forms of the AUT in past
studies have provided further instructions to participants about how they should respond, such as
requesting terse responses (Yin et al., 2019), in this study, no instruction as to the types of uses
or how the uses should be described were specified. AUT prompts rotated through a set of
verified objects for all participants.

Participant responses to the AUT were then used to calculate metrics of divergent

creative thinking. While there is variation in the specific dimensions and associated scoring

87



approaches used across studies (Dumas & Runco, 2018), this work focused on four common
dimensions of divergent creative thinking (Alhashim et al., 2020; Beketayev & Runco, 2016;
Shah et al., 2003; Stevenson et al., 2020; Tanis et al., 2018; Vartanian et al., 2019). These
dimensions and what they intend to represent are as follows: 1) fluency: the number of proposed,
valid uses per AUT prompt; 2) elaboration: the average level of detail across valid responses to a
prompt; 3) originality: how unique the proposed use is; and 4) flexibility: the number of unique
proposed uses (Madore et al., 2016).

To derive the divergent creative thinking scores for the four dimensions from the raw
AUT responses, raw AUT token-responses were first reviewed and cleaned for various response
issues. Two study team members performed the cleaning and reviewing and discussed the
approach, process, and unique occurrences and questions, with supervision and review by a third
study team member to promote consistency and quality control. The raw token-responses were
first translated from Chinese and Spanish to standard American English, where applicable;
cleaned for spelling errors and accidental characters; and grammatically streamlined for
consistent comparison (e.g., converting all compound word forms to a single continuous word).
Next the token-responses were cleaned and removed based on interpretability and
appropriateness with respect to the prompt. Specific details of this approach and decisions are
provided in Appendix C. Overall, the reviewers adopted a more “generous” than “strict” cleaning
approach, meaning that, efforts to reasonably correct, decipher, and/or complete token-responses
were taken as opposed to automatically removing any token-response that was incomplete in
some way. All cleaning and reviewing done by the study team was blinded with respect to the

exposures and participant and building characteristics.
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Using the cleaned dataset, each collective-response to an AUT prompt was scored along
the four dimensions of divergent creative thinking. Fluency is calculated using an automated
script that sums the number of token-responses per AUT prompt (i.e., a fluency score is
calculated for each AUT completed by a single participant). Elaboration is calculated using an
automated script that sums the total number of words used in all participant token-responses to a
single AUT prompt and then dividing by the number of participant token-responses to that AUT
prompt to obtain the average number of words across all collective-responses. Flexibility and
originality could not be scored with an automated script and were assessed by the two
independent scorers and third reviewer. The first step in this process is to “transform” the unique
participant token-responses into a standardized set of consistent function categories through an
"encoding"-type process. Function categories were defined to encompass different participant
token-responses that had the same use (e.g., the responses “beer” and “wine” would both fall
under the function category “drink”). Flexibility is scored as the total number of distinct (coded)
function categories across all token-responses to a single AUT prompt. Originality, intended to
represent how “unique” the proposed use is, is calculated by awarding a point to each unique
encoded proposed use function that occurred only once across all responses to a specific AUT

prompt. This process resulted in 426 cleaned and scored AUT responses.

Statistical Methods

Cleaned exposure, outcome, and covariate data were combined to create an analysis
dataset of 195 observations from 86 participants, further described in Figure 11. Each
observation in the analysis dataset includes the calculated creative thinking scores from a single
response to an AUT test, paired with the mean indoor conditions that correspond to the time and

location of that AUT test response. This analysis dataset consists of complete case data only;
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AUT responses where corresponding indoor exposure data was unavailable (due to sensors
failing to record measurements during that time) are excluded from the main analysis. A
flowchart of inclusion criteria leading to the final analysis dataset is presented in Figure 11

below.

Raw AUT test responses
618 tests, 185 participants

! Invalid responses
! (-192 test responses) \

Cleaned and coded AUT test responses
426 AUT tests, 141 participants

! Missing exposure data
! (-231 tests) i

\ 4

Complete AUT test responses
195 tests, 86 participants

Figure 11: Flowchart showing data inclusion criteria that produced the final analysis dataset.

This analysis dataset was then used to construct a series of mixed effects models to
explore the associations between acute indoor environmental exposures and divergent creative
thinking scores. A separate model was constructed for each of the four calculated divergent
creative thinking metrics, treating each as the outcome of interest in its respective model.
Fluency, flexibility, and originality were each modeled with a quasi-Poisson distribution since
these are count variables with over-dispersed variances. Elaboration was log-transformed to
better meet the assumption of normality and was then modeled as a continuous variable using a
linear model assuming a normal distribution. Acute CO. and PM2.s exposures are modeled as
linear terms since past work has found linear associations without a threshold between these two
parameters and cognitive performance metrics over a range of acute exposures similar to those
observed in this study (Cedefio Laurent et al., 2021; Young et al., 2024). Indoor thermal
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exposures, modeled either using calculated enthalpy or measured temperature and RH as
separate independent variables, were modeled using cubic regression splines to allow for non-
linear associations that have been observed in past work (Seppénen et al., 2006; F. Zhang et al.,
2019a). Correlations among indoor air quality parameters and thermal parameters were low and
deemed acceptable to include in the same model. Correlations among multiple responses from
the same participant over the study period were controlled for using participant-specific random
effects. Models following this construction are termed the “minimally adjusted models” as they
consistently produced the lowest AIC value and are deemed to best fit the given data. We also
explored models that control for other potentially important confounders and predictors by
controlling for learning effects and time in different ways. A series of models that extend beyond
the minimally adjusted models and control for the first AUT response by each participant to
account for potential learning effects (Cedefio Laurent et al., 2021; Goldberg et al., 2015),
country, and time using a natural spline with two degrees of freedom were also constructed.
These models are termed the “fully adjusted models” and produce higher AIC values, indicating
worse fit than the minimally adjusted models. Model estimates are discussed below, along with

additional sensitivity analyses to investigate potential variation in the results.

Results

Participants

As described in Figure 11, a total of 460 participants working in 42 buildings across all
six countries enrolled in the CogFx Global Buildings Study. Of these 460 participants, 86
participants working in 22 different buildings in four countries, including India, Thailand, the

UK, and the USA, are included in this analysis. Characteristics for 72 of these participants are
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summarized in Table 6 below. The other fourteen participants that contributed AUT responses to
this analysis dataset did not complete the baseline survey and so their characteristics are
unknown. As shown in Table 6, most participants included in this analysis who completed the
baseline survey were in their twenties or thirties and have a high level of education. Balanced
sex was achieved within each country and overall, but the study population is predominantly
White and Asian. These participant characteristics are consistent with the broader pool of 185

participants that contributed an AUT response, regardless of whether it was included in analysis.

Table 6: Participant characteristics for the 72 participants included in this analysis that
completed the baseline survey.

India Thailand UK USA Overall
(N=11) (N=2) (N=15) (N=44) (N=72)
Age
Mean (SD) 205 (3.67) 30.5 (0.707) 30.0(6.19) 345 (8.12) 32.7 (7.40)
Median [Min, Max] 20.0[25.0,350] 30.5[30.0,31.0] 28.0[23.0,42.0] 33.5[21.0,520] 31.0[21.0,52.0]
Gender
Female 4 (36.4%) 1 (50.0%) 7 (46.7%) 25 (56.8%) 37 (51.4%)
Male 7 (63.6%) 1 (50.0%) 8 (53.3%) 19 (43.2%) 35 (48.6%)
Ethnicity
Asian 11 (100%) 2 (100%) 0 (0%) 7 (15.9%) 20 (27.8%)
White 0 (0%) 0 (0%) 15 (100%) 29 (65.9%) 44 (61.1%)
Black or African American 0 (0%) 0 (0%) 0(0%) 1(2.3%) 1(1.4%)
Hispanic, latin, or Spanish origin of any race 0 (0%) 0 (0%) 0(0%) 1(2.3%) 1(1.4%)
Other 0 (0%) 0 (0%) 0 (0%) 2 (4.5%) 2 (2.8%)
Twao or more races 0 (0%) 0 (0%) 0(0%) 1(2.3%) 1(1.4%)
White/Asian 0 (0%) 0 (0%) 0 (0%) 2 (4.5%) 2 (2.8%)
White/Other 0 (0%) 0 (0%) 0 (0%) 1(2.3%) 1(1.4%)
Education
4 year degree 3 (27.3%) 0 (0%) 2 (13.3%) 14 (31.8%) 19 (26.4%)
Doctorate 6 (54.5%) 2 (100%) 10 (66.7%) 17 (38.6%) 35 (48.6%)
Professional degree 2(18.2%) 0 (0%) 1(6.7%) 10 (22.7%) 13 (18.1%)
Master 0 (0%) 0 (0%) 1(6.7%) 2 (4.5%) 3 (4.2%)
Some college 0 (0%) 0 (0%) 1(6.7%) 1 (2.3%) 2 (2.8%)
Exposures

A summary of all one-hour averaged exposures of temperature, RH, CO2, PM25, and
enthalpy included in analysis is presented in Table 7. Average acute exposures for thermal

conditions are in line with building design standards focused on acceptable thermal conditions
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(ASHRAE, 2023b). 85% of acute CO> exposures are below a commonly cited industry reference
of 1,000 ppm (Persily, 2021) and most PM_ s exposures are low (median value of 3 ug/m?).
However, higher values of thermal conditions and air quality exposures exceed some thresholds
in building design guidelines and standards and recommendations set for health considerations

(ASHRAE, 2023b; CDC, 2023a; United States Environmental Protection Agency, n.d.).

Table 7: Summary of one-hour average office conditions corresponding to an AUT response
included in analysis.

Variable Mean SD Ccv Min p25 p50 p75 p95 Max
Temperature (C) 24 1.7 0.072 20 23 24 25 28 29
RH (%) 47 9.7 0.2 22 41 47 52 66 81
CO2 (ppm) 758 259 0.34 414 568 671 861 1279 1954
PM_5 (ug/m3) 45 48 1.1 0 0.55 3 7.3 12 31
Indoor Enthalpy (kJ/kg) 47 6.2 0.13 36 43 45 50 59 66

Examining measured values of indoor thermal and air quality parameters by country
reveals some differences, as shown in Appendix C. For indoor air quality, indoor CO2 exposures
are comparable across countries, but PM2 s concentrations are noticeably elevated in India
compared to the three other countries included in analysis. With respect to indoor thermal
conditions, indoor temperature is highest in Thailand and indoor RH is elevated in India.
Calculated indoor enthalpy is distinct in each country with minimal overlap in the interquartile
ranges across all four countries, and indoor enthalpy being highest in India, followed by

Thailand, the UK, and the USA in decreasing order.
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Outcomes

Calculated creativity scores indicate that on average, a participant will produce
approximately nine valid uses (fluency mean + SD of 9.4 * 4.4), using two words per token
response (elaboration mean + SD of 2.1 £ 1.0), with six different use categories (flexibility mean
+ SD of 5.8 + 2.5), and one original use category (originality mean = SD of 1.6 + 1.6). It has
been suggested that all domains of divergent creative thinking increase with ideation, which
implies that elaboration, flexibility, and originality should increase with fluency (Dumas &
Runco, 2018; Tanis et al., 2018). A Spearman Rank correlation matrix was used to assess this
and revealed that fluency was positively correlated with flexibility and originality (Spearman
Rank correlation coefficient of 0.68 and 0.37, respectively), but weakly and negatively correlated

with elaboration (Spearman Rank correlation coefficient of -0.03).

Modeled Associations

Results from the mixed effects models are presented below, first for indoor air quality

and then for thermal parameters.

Indoor Air Quality

Exponentiated modeled effect estimates for the influence of CO2 and PM2s on the
divergent creative thinking scores using both the minimally and fully adjusted models are
presented in Table 8 below. There is directionally consistent evidence across all models that
increases in acute indoor CO2 concentrations are associated with a decrease in all four divergent
creative thinking scores. Using the estimates from the minimally adjusted models, a 100-ppm
increase in acute indoor COz is associated with 3% (95% CI: 0-5%), 4% (95% CI: 1-6%), and

11% (95% CI: 5-16%) negative difference in the expected fluency, flexibility, and originality
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count scores, respectively; and an 11% decrease (95% CI: 5-16%) in the expected elaboration
score. The estimates reach statistical significance at the 0.05 alpha level for minimally adjusted
and fully adjusted models for flexibility, originality, and elaboration scores; the results reach
statistical significance at the 0.1 alpha level for the minimally adjusted model estimate for
fluency. For PM2s, the estimates are directionally consistent across all models where a 5 ug/m?®
increase in PM2 5 is associated with decreases in all four divergent creative thinking scores.
However, none of the effect estimates for PM2 s reach statistical significance at either the 0.05 or

0.1 alpha levels.

Table 8: Summary of exponentiated effect estimates for indoor air quality parameters from
minimally and fully adjusted models. Minimally adjusted models control for hourly averaged
indoor CO», PM25s, temperature, and RH, and include participant-specific random effects. Fully
adjusted models control for hourly averaged indoor CO», PM2s, temperature, and RH; first test
response; time (using a natural spline with two degrees of freedom); and include participant-
specific random effects nested within building-specific random effects.

Per 100 ppm increase in CO, Per 5 ug/m’ increase in PM, s
Test Outcome Change (95% CI) p-value Change (95% CI)  p-value
Fluency (n=195)
Min adjusted model 0.97 (0.94. 1.00) 0.06 . 0.99 (0.9. 1.08) 0.77
Fully adjusted model 0.97 (0.94,1.01) 0.11 1.00 (0.91,1.10) 098
Flexibility (n=195)
Min adjusted model 0.96 (0.93. 0.99) 0.0053 * 0.99(0911.08) 0.3
Fully adjusted model 0.96 (0.93, 0.99) 0.0065 * 1.01(0921.11) 0.76
Originality (n=195)
Min adjusted model 0.89 (0.83. 0.95) 0.0012 * 0.89(0.74,1.07) 0.22
Fully adjusted model 0.88 (0.82, 0.95) 0.00058 * 0.92(0.76,1.12) 043
Elaboration (n=195)
Min adjusted model 0.89 (0.83. 0.95) 0.0012 * 0.89(0.74,1.07)  0.22
Fully adjusted model 0.96 (0.93. 0.99) 0.0087  * 0.96 (0.88,1.05) 0.39

95



Indoor Thermal Conditions

Associations between indoor thermal conditions and divergent creative thinking were
explored through a set of models using temperature and RH as independent variables and then
through a set of models using calculated indoor enthalpy as a combined thermal parameter.
Nonlinear associations between indoor thermal conditions and divergent creative thinking scores
were observed and so plotted spline terms are presented below. Beginning with models using
temperature and RH, Figure 12 shows that temperature appears to follow a non-linear association
with all four divergent creative thinking scores. The association is comparable across all four
scores and resembles a somewhat inverted U-shape where scores decrease at lower and higher
temperatures and increase in the mid-temperature range included in this analysis. The curvature
is slightest for fluency, greater for flexibility, and then greatest for originality and elaboration.
The modeled association between temperature and fluency is fairly flat in a wider temperature
range of 22-26 °C, suggesting consistent fluency scores in that temperature range. However, for
the other three scores with stronger curvature, it appears that temperatures around 25-26 °C are
associated with the highest scores, followed by an associated decrease. The complementary
modeled spline terms for RH from these models are presented in Figure 13 below. These figures
show linear associations between RH and all four cognitive scores with increasing RH associated
with decreases in fluency, flexibility, and originality scores, and increases with elaboration
scores. Overall, the effect estimates are suggestive as one spline term for temperature and

another for RH reach statistical significance at the 0.05 alpha level.
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Figure 12: Associations between indoor temperature and divergent creative thinking scores
using estimates from the minimally adjusted models. These minimally adjusted models control
for CO2, PM2s, temperature, RH, and a participant-specific random effect.

97




-02 00 02 04
1
/

-04 -02 00 02 04
/

> 2 e
2 ——— = —~
S : S i —
= X | e —
T L ©
2
T Y f pamL | ! T f ot T } T
20 30 40 50 60 70 30 20 30 40 50 80 70 80
RH (%) RH (%)
w
o
o~
P
° - T B . I
=) e o [ ey
2 R
= = o
R g <
= ' o -
= < Ch
o o | LIJ w
w b 1L Ll UJI,U LUl II.IIIII\UJ.IIWIIIIIIIIIIII\II[\I.IIIIIlILII Ll | [N - AL L ‘I C., 1 1L L |UJI—U LU Jlllllle-IIl.Ul.IIHLllllll."-,lUIll 1l Iﬂl - AL L ‘I
20 30 40 50 60 70 80 20 30 40 50 80 70 80
RH (%) RH (%)

Figure 13: Associations between indoor RH and divergent creative thinking scores using
estimates from the minimally adjusted models. These minimally adjusted models control for
CO2, PM2s, temperature, RH, and a participant-specific random effect.

Moving on to the set of models that utilizes indoor enthalpy in place of temperature and
RH, the plotted spline terms (presented in Appendix C) are mixed in terms of direction, linearity,
and statistical significance. Increasing indoor enthalpy appears linearly associated with decreases
in fluency scores and increases in originality and elaboration scores. For flexibility, there is a
slight non-linear association with a breakpoint around 45 kJ/kg and decreases in flexibility at
higher and lower enthalpy. Only one spline term for enthalpy reaches statistical significance at
the 0.1 alpha level (p=0.06). Since the exposure data shows minimal overlap in enthalpy data and
differences in RH among countries, the data was subset by country to explore country-specific

associations. Using observations from the USA only, we observe directionally consistent
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evidence that increasing indoor enthalpy (up to approximately 50 kJ/kg) is associated with
increases in all four divergent creative thinking scores. Similarly, for the set of country-specific
plots examining temperature and RH as separate independent variables, for the USA, increases in
temperature (up to 26 °C) are associated with increases in all four scores; the accompanying
associations between RH (up to approximately 55%) and divergent creative thinking scores are
fairly flat. The number of observations in the other countries limits the ability to examine within-
country associations. With 37 observations for the UK and 30 for India, we observe preliminary
suggestive evidence of different associations, but the results are inconsistent and data too few for
strong inferences. With only five observations available for India, no within-country estimates

can be generated with this dataset.

Discussion

This study provides evidence for how acute indoor air and thermal exposures influence
divergent creative thinking among knowledge workers in commercial office buildings. For
indoor air quality, there is statistically strong and consistent evidence that higher concentrations
of indoor CO, as influenced by building ventilation and occupancy, are associated with
decreases in divergent creative thinking scores. There is consistent, but suggestive evidence that
higher indoor PM2 s concentrations are associated with lower divergent creative thinking scores.
For temperature, a non-linear association is observed where lower and higher temperatures are
associated with lower divergent creative thinking scores. The complementary modeled
associations for RH are mixed, as are the overall estimates for enthalpy. Overall, worse indoor
air quality and lower and higher temperatures appear to be associated with impaired divergent
creative thinking, and the associations between indoor air moisture, modeled as either RH or as
incorporated into enthalpy, appear inconclusive in this study.
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When comparing these results to the literature, many consistent findings emerge. The
strongest and clearest finding in this study is the association between CO, and divergent creative
thinking, which aligns with a strong and growing body of evidence demonstrating an association
between indoor COg, influenced by ventilation and occupancy, and cognitive performance. Past
work has found lower concentrations of indoor CO3, achieved via ventilation and occupancy, to
be associated with worse performance in a variety of cognitive tests, indoor settings, and
domains, including arithmetic tests that assess cognitive speed and working memory (Cedefio
Laurent et al., 2021; Young et al., 2024), the Stroop test that examines cognitive speed and
inhibitory control (Cedefio Laurent et al., 2021; Young et al., 2024); an investigation of nine
domains assessed in the Strategic Management Simulation software tool, which includes basic
activity level, applied activity level, focused activity level, task orientation, crisis response,
information seeking, information usage, breadth of approach, and strategy (Allen et al., 2016);
the quality of chess moves among players at an indoor tournament (Kiinn et al., 2023); and the
speed at which students completed numerical and language-based tasks (Wargocki & Wyon,
2007b). Although the body of literature is robust on the association between indoor CO; and
cognitive performance overall, few studies examine a creative cognitive domain. One study
assessed fluency and originality using a different divergent creativity test (i.e., Serious Brick
Play adapted from the LEGO Serious Play framework) and found higher levels of TVOCs to be
associated with lower creativity scores among 92 adult participants in a simulated office
environment over six weeks (Arikrishnan et al., 2023). Young et al. (2024) assessed convergent
creative thinking (using the Compound Remote Associate Task, cCRAT) among adult knowledge

workers in work-from-home settings and found negative associations between home CO>
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concentrations and convergent creative thinking scores; however these effect estimates were not

statistically significant.

The strong evidence of an association between the levels of CO2 observed in this study
and creativity are particularly interesting since: 1) the CO. concentrations in this study are low
overall (75" percentile value of 861 ppm) relative to the range observed in other buildings and
anticipated as a result of minimum ventilation standards (ASHRAE, 2022; Fisk, 2017; Fox,
2023), and 2) creativity has often been thought of as a more inherent quality. Many researchers
have found certain brain structures (e.g., distinct brain hemisphere sizes) (Moore et al., 2009)
and DNA characteristics (e.g., specific gene clusters and duplicate DNA strands) (Kraus et al.,
2014; Ukkola-Vuoti et al., 2013) to be associated with higher creativity. Beyond biological
characteristics, others have found that different mental conditions, such as bi-polar disorder
(Kyaga et al., 2013), or trauma that causes changes to gene expression and functional brain
changes can increase creativity (Levy-Gigi et al., 2013). Considering these inherent and
substantial biological and mental conditions, it’s somewhat surprising that acute CO2 exposures
show consistent and significant effects in this small dataset with a tight range of mainly low CO;
exposure concentrations. The biological mechanisms that CO acts through on cognitive
performance in general, let alone creativity, are unclear, but it’s possible that higher levels of
CO:2 in the environment result in higher levels of CO> in the bloodstream, which have been
shown to cause inflammation, drowsiness/fatigue, and dizziness, all of which, could reduce the
divergent creative thinking scores we observed. Others have noted various lifestyle behaviors,
such as regular exercise (Blanchette et al., 2005; Steinberg et al., 1997), good sleep (Lewis et al.,
2018; Ritter et al., 2012), and a healthy diet (e.g., high fiber consumption and low sugar

consumption) (Hassevoort et al., 2020) to promote creativity. It’s possible that these behaviors
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help with alertness and reducing inflammation, similar to hypothesized processes CO2 may be
acting through. Evidently there are both inherent biological and genetic factors associated with
creativity, in addition to dynamic, daily lifestyle factors and behaviors. While some individuals
are inherently more creative than others, our use of participant-specific random effects in the
models accounts for some of this variation, and so the strong evidence for CO> suggests that

acute CO; exposures are another modifiable factor associated with creativity.

Moving on to PMzs, the lack of statistically significant findings between PM2s and
divergent creative thinking scores aligns with past work that only found statistically significant
evidence between acute indoor PM2 s concentrations and cognitive performance metrics at PM2.5
concentrations above 12 ug/m? and not below (Cedefio Laurent et al., 2021). The 95" percentile
PMgs value in this analysis dataset is 12 ug/m® and so it is not surprising that we find only
suggestive evidence of lower PM2s concentrations being associated with improved divergent
creative thinking scores. Other past studies have also found statistically significant decreases in
cognitive performance metrics to be associated with elevated PM2 s, using both experimentally
elevated indoor concentrations (Shehab & Pope, 2019) and longer-term spatially averaged
outdoor concentrations (Ailshire & Crimmins, 2014; Gao et al., 2021; Wang et al., 2020), all of
which examined larger ranges and higher comparative PM2 s concentrations than those in this
study. These findings of impaired short-term cognitive performance and faster longer term
cognitive decline with higher PMa.s concentrations (Weuve, 2012) are further supported by
evidence of biological mechanisms that PM2 s acts through to impact cognitive outcomes. Higher
concentrations of PM. s have been associated with brain inflammation and markers of
neurodegeneration (Ailshire & Crimmins, 2014; Calderdén-Garciduefias et al., 2012) and inhaled

fine particles have a direct route to the brain via the olfactory route (You et al., 2022). Although
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our dataset is small and consists of low PM2 s concentrations, it’s likely that the suggestive

evidence of an association with PM2 s is due to these biological mechanisms.

Moving on to the thermal results, there is consistent evidence of an association for
temperature. The non-linear associations between temperature and divergent creative thinking
scores are similar to the inverted U and extended U or Maximum Adaptability Model (MAM),
detailed in past works (Seppénen et al., 2006; F. Zhang et al., 2019b). For flexibility and
originality scores, the associations appear somewhat similar to the inverted U-model, albeit with
a higher temperature of around 25-26 °C being associated with the highest scores, as opposed to
the 22° C temperature widely adopted by Seppanen et al.’s original model based on non-creative,
objective measures of cognitive performance (e.g., text processing, simple arithmetic, length of
phone interactions) (Seppanen et al., 2006). For fluency and originality, a wider range of
temperatures, spanning roughly 22-26 °C appear to be associated with consistently higher scores,
which follows more of the extended U or MAM that suggests human physiologic and adaptation
is possible within a normative range of temperatures to remain comfortable and productive (F.
Zhang et al., 2019b). This agrees with past work that has found decreases in cognitive
performance at elevated temperatures during a heatwave (Cedefio Laurent et al., 2018), and at 27
°C compared to 23 °C, even when thermal comfort is maintained by clothing adjustment, (Lan et
al., 2020). A recent study of adult knowledge workers in work-from-home settings found non-
linear associations between heat index (calculated using temperature and RH) and various
cognitive scores, with a breakpoint (either leveling off or decreasing) around a heat index value
of roughly 25 °C (Young et al., 2024). While this evidence suggests an upper temperature of
around 25-26 °C before decreases in performance are observed, this temperature will likely vary

based on population and setting. For example, past work has found no “optimal” temperature
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when applying various thermal models to large datasets (Porras-Salazar et al., 2021), and thermal
preferences are thought to be highly personal, and vary based on many dynamic and individual
factors (Abdelrahman et al., 2022; Carlucci et al., 2018; Heschong, 1979; Kim et al., 2018;
Kosonen & Tan, 2004). Moreover, some level of thermoregulation and adaptation is possible
through vasodilation, sweating, and other physiologic cooling mechanisms with the environment,
which can help extend the range of thermal conditions individuals can be exposed to before there
are appreciable impairments in performance (Cedefio Laurent et al., 2018; Kong et al., 2019; F.
Zhang et al., 2019b). Eventually though, temperatures that are too high or low can result in
physiologic changes associated with increased stress, such as increased skin temperature and
humidity, respiration rate, and heart rate; lower blood oxygen saturation and pNN50, a marker of
heart rate variability; and changes to deep core and brain temperatures, which have been noted to
impair cognitive processes (Abbasi et al., 2019; Khan et al., 2021; Lan et al., 2022b; F. Zhang et
al., 2019b). The temperatures in this analysis are not extreme, but initial evidence of lower
creative thinking scores is observed at the lower and higher temperatures, while a mid-range of

roughly 22-26 °C appears to support creative thinking.

Moving on to indoor moisture, the complementary RH splines and enthalpy plots show
inconsistent results, which suggests that the influence of indoor moisture is less clear. While a
temperature range of 22-26 °C in this study is found to support divergent creative thinking
scores, the complementary indoor moisture levels remain to be known. The country-specific
investigation shows consistent evidence for the USA where higher values of enthalpy are
associated with increased cognitive scores, which is similar to the findings in Chapter Three.
However, the range of temperature, RH, and calculated enthalpy exposures for the USA in this

study and the results in Chapter Three span roughly the left half of the inverted U-shaped
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association. Although higher values of temperature and enthalpy, representing a combination of
temperature and moisture, appear to promote performance to a point, we had insufficient
country-specific data for Thailand, India, and the UK to investigate how these associations might
differ by country in different thermal exposure ranges. Ideally future studies would have larger

datasets to help elucidate the associations between indoor moisture and cognitive outcomes.

In addition to constructing both the minimally adjusted and fully adjusted sets of models,
multiple sensitivity analyses were conducted to help assess the robustness of the model
estimates. Using the minimally adjusted models as the base comparative set, additional models
were constructed using varying incorporations of nested random effects, including participant
ID, nested within building ID; and then also participant ID, nested within building 1D, nested
within country, to account for repeated measures and potential clustering. Results from models
with both levels of nested random effects remained consistent with those from the base
minimally adjusted models. Since we could not examine country-specific associations for
Thailand due to limited data, we re-ran the minimally adjusted models with the 5 observations
from Thai participants excluded and observed no appreciable changes in the model estimates.
Next, we focused on a missing data analysis. Since 231 observations were removed from the
analysis dataset due to missing environmental monitor data, we endeavored to replace as many
of these missing indoor exposure conditions as possible to obtain a larger dataset for analysis.
When available, missing exposure data were replaced with data from a sensor within the same
building for the corresponding hour prior to completing the AUT test. For buildings with more
than one available sensor, measurements from the sensor with the highest correlation with
measurements from the missing sensor, when available over the larger study period beyond AUT

data collection, were selected. This provided an additional 56 observations for analysis, bringing
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the total for this enlarged dataset to 251 observations from 105 participants. The results between
minimally adjusted models using the main and enlarged analysis datasets are similar. Notably,
the enlarged dataset includes a larger range of indoor temperatures (~20-30 °C) and a more
noticeable decline in divergent creative thinking scores is observed from the 26-30 °C range,
further strengthening the evidence for declines in performance above 26 °C in this study. For
enthalpy splines modeled with the enlarged dataset, we observe some changes to the shape of
association, with roughly 45 kJ/kg possibly representing a combined value of temperature and
moisture that could promote fluency and flexibility scores. Corresponding plots of the
temperature and enthalpy splines from these models are provided in Appendix C. Finally,
potential combined effects of indoor air quality parameters were investigated by incorporating
interaction terms between CO and PM..s concentrations. Effect estimates for the interaction
terms did not reach statistical significance and were effectively null in this analysis dataset, but
could be explored in other scenarios with higher air pollutant concentrations where interactive

effects could occur.

Despite the study design, robust statistical methods, and sensitivity analyses, there remain
several limitations. First, the final AUT analysis dataset is small at 195 observations and consists
of low levels of CO, and PM2:. This limits the statistical power overall and ability to examine
associations within specific countries. Next, despite recruiting participants from six countries, the
participants in the final analysis dataset are predominantly Asian and White, in their twenties and
thirties, and have high levels of education, which is not representative of all working populations
and limits the generalizability of these findings. With respect to the exposure data, although this
analysis includes localized indoor air and thermal conditions, the parameters are not

comprehensive. Our assessment does not include other potentially important air pollutants, such
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as volatile organic compounds (Allen et al., 2016; Arikrishnan et al., 2023), or the full suite of
indoor environmental parameters related to the human-environmental heat balance, including
MRT and air speed (André et al., 2024; ASHRAE, 2023b; Cen et al., 2024; d’ Ambrosio Alfano
et al., 2019), which could be potentially important to the findings, but were not feasible to assess
in this geographically large and varied study, but would be useful to assess in future studies
where feasible. Furthermore, the accuracy of the sensors themselves introduces uncertainty,
which is of particular concern with respect to PM2s as most hourly averaged concentrations fall
within the maximum reported measurement uncertainty. This uncertainty is bi-directional and the
exact magnitude is unknown, but it is another factor that limits the ability to assess associations
with PM2;s in this work. Ideally, more accurate PM2 s sensors that have become available since
the time of these measurements could be used in future investigations to overcome this issue and
improve the ability to investigate associations between PM2 s and creativity scores. The variation
in type of installed sensors introduces variability among measurements in terms of performance
specifications. However, these variations are minor, as all sensor types used have similar
performance characteristics and introduced uncertainty is comparable across sensor types.
Furthermore, since the sensor accuracy is bi-directional, exposures are continuous, and
measurements are not influenced by the AUT responses, the resulting potential bias introduced to
the modeled associations is towards the null, which means that the estimated effect estimates
might be reduced compared to the true, unbiased effects. A final challenge with the exposure
assessment is the quantity of missing exposure data, which resulted in the exclusion of many
observations from this analysis and reduced the power to detect statistically significant effects.

Ideally advancements in sensor technology and communication protocols since the time of data
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collection in this study would help to overcome these issues, as observed in the Classrooms for

Health Study.

Moving on to the outcome measure, many challenges stem from the AUT test itself and
the lack of a standardized/consistent approach to scoring the raw measurements (Stevenson et al.,
2020; Tanis et al., 2018). We attempted to overcome these issues by reviewing the literature and
devising a scoring protocol that promotes an unbiased standardized process and minimizes
subjectivity and potential biases. The cleaning and scoring exercise was: 1) done in an entirely
blinded manner (participant information was anonymized and exposure data was not included),
2) conducted with two cleaners/scorers and one additional reviewer for consistency, 3)
conducted in an objective automated process when possible (calculating fluency and elaboration
scores with code), and 4) followed a standardized protocol to develop and assign use categories,
thus making the manually assigned scores (flexibility and originality) more objective and less
subject to bias. Despite these efforts, a degree of subjectivity remains in these scores due to the
manual nature of the scoring process, in addition to other inherent limitations with the AUT and
entailed scoring. Others have noted challenges with scoring AUT responses, including the
influence of sample size on the scores (e.g., increasing sample size reduces the probability of
generating original ideas) (Stevenson et al., 2020), a lack of clear instructions potentially causing
different responses (e.g., participants were not instructed to respond in a terse or detailed manner,
so elaboration could be a more individual stylist metric than an indication of creativity) (Yin et
al., 2019), and lack of account for the usefulness and/or appropriateness of responses, defined in
other studies of creativity using assessments other than the AUT as “quality” (Haase et al.,
2023), which could allow participants to increase their fluency scores with minor modifications

to proposed uses. Moreover, there is thought that domain familiarity, subject matter expertise,
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background, and lived experience could influence both the responses and scoring to AUT
prompts (Alhashim et al., 2020). This could result in differences across populations, particularly
in our study when interpreting different languages, or even among responses from a single
individual, based on the different prompts and their familiarity/lived experience (Richardson et
al., 2018; Rogers et al., 2023). Future work should look to clarify test instructions, systematize
the number of prompts with sample size, include scorers with diverse backgrounds, and explore
the incorporation of a usefulness/quality metric into the responses. To further overcome such
issues, we explored the use of more objective scoring procedures such automated sentiment
analysis (Gaspar & Alexandre, 2019), semantic distance analysis (Hass, 2017), and machine
learning approaches (Stevenson et al., 2020), but these were not feasible for use in our scoring
approach at the time of assessment (2021). New developments in such approaches, including
supervised and unsupervised learning methods (Buczak et al., 2023) and an open platform for
computing semantic distances (Beaty & Johnson, 2021), have become available and could be

explored for use in future work.

Despite these limitations, our study includes many strengths related to design, AUT
scoring method, and analysis techniques, which helps to overcome many of these limitations.
This work provides new information for the associations between indoor air and thermal
conditions and divergent creative thinking scores, a sparsely studied cognitive outcome that is
more challenging and time intensive to score than other objective cognitive tests and measures.
In addition to the modeled associations, this work also outlines a scoring protocol for the AUT in
addition to newly developed scoring resources that other researchers can utilize. Ideally, future
studies would extend this work by collecting larger datasets in additional environmental settings

to explore potential differences in modeled associations, particularly with respect to thermal
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parameters, to better understand the influence of indoor moisture and the collective range in
which thermal conditions can be adjusted to before there is no appreciable impact on cognitive
outcomes and how this range might differ by populations, geographies, and over time with

adaptation and acclimatization effects.

Conclusion

In this analysis of 86 adult knowledge worker participants across four countries, we
observed that better indoor air quality is associated with improved cognitive performance,
specifically for a creative cognitive domain. Statistically strong and consistent evidence shows
that higher concentrations of indoor COz, resulting from building occupancy and ventilation, are
associated with lower divergent creative thinking scores. For PM s, statistically significant
effects are not expected in this low concentration range, but there is suggestive evidence that
lower concentrations of indoor PM: s are associated with improved divergent creative thinking.
For thermal conditions, there is evidence of an extended U relationship or MAM applying, where
a temperature range of roughly 22-26 °C was found to promote fairly stable divergent creative
thinking scores, with decreases in temperatures beyond this range. The results for RH, as a
complementary independent variable to temperature, and enthalpy, as its own combined
temperature and moisture variable, are mixed. There is preliminary evidence that these
associations may vary by country, but this analysis dataset was too small and underpowered to
investigate more thoroughly. While there is still research to be done to further understand the
associations between different indoor air pollutants and creative thinking, and also thermal
conditions, particularly with respect to indoor moisture, and cognitive performance, and how
these associations may vary by individual, population, and geographic factors, this study adds to
the body of literature that indoor air quality and thermal conditions influence cognitive
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performance, including creative domains. Work environments where creative thinking is
important should look to prioritize outdoor air ventilation rates and maintain indoor temperatures
within a reasonable range, albeit with some flexibility, which could help balance operational and

energy considerations with promoting knowledge worker performance.
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CHAPTER 5: CONCLUSION

This collective work investigated indoor environmental conditions influenced by building
HVAC systems and their influence on occupant health outcomes that are reflective of typical
working environments. Our investigations focused on indoor CO, concentrations, as influenced
by building the ventilation component of HVAC operation, and indoor thermal conditions, as
influenced by the space conditioning component of HVAC operation, and how these conditions
are associated with metrics of cognitive performance and perceptions of satisfaction. The goal of
this work is to help elucidate the conditions, and by inference, HVAC operation practices, that

can help support building occupants and their activities in working and learning environments.

Summary of Findings

Chapter Two focused on indoor concentrations of CO> and associations with cognitive
test scores among graduate students attending classes in lecture halls with increased outdoor air
ventilation rates as a COVID-19 risk management strategy. Low concentrations of classroom
CO2 (measured class values ranging from ~440-1,630 ppm) were observed over the study period,
which is expected with higher levels of outdoor air ventilation. Despite this low CO2 exposure
range, we still observed evidence of increases in classroom CO> being associated with lower
cognitive performance, as assessed by metrics incorporating speed and accuracy scores from two
administered cognitive tests. Interestingly, the associations were statistically stronger when using
95" percentile class exposure concentrations, as a measure of peak CO2 exposures, compared to
mean class CO exposure concentrations, as a measure of average CO> exposures. Examining the
temporal occurrence of class 95" percentile concentrations revealed that these peak exposures

typically occur around the midpoint of class, as opposed to the very end. This suggests that
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higher concentrations of CO> are associated with lower cognitive test scores, and also that higher

exposures have lasting cognitive effects.

Chapter Three complemented the CO> assessment in Chapter Two by examining indoor
thermal conditions, the second main component influenced by HVAC operation, and an area of
indoor environmental research that faces many challenges. This work began by calculating a
suite of thermal variables from simple measurements of temperature and RH. Assessing these
thermal exposure variables by evaluating Spearman Rank correlation coefficients, factor
analysis, and principal component analysis revealed that all eleven thermal variables cluster into
three groups that center around indoor air temperature, indoor air RH, and indoor-outdoor
differences. We then examined a series of associations among thermal variables, cognitive test
scores based on accuracy and speed, and thermal sensations. Not surprisingly, distinct patterns of
association were observed for each of the three groups. Overall, we observed that higher values
of enthalpy, a combined factor of air temperature and moisture, are associated with improved
cognitive test scores over the exposure range included in this analysis. We also observed that
warm sensations are associated with improved cognitive test scores, and that in-turn, higher
values of enthalpy, over the range assessed in this study, are associated with warm sensations.
The temperatures in this study encompass a tight range, as does RH, but to a lesser extent.
Accordingly, the higher values of enthalpy in this study are likely a result of increases in indoor
air moisture, suggesting that indoor moisture levels, in combination with air temperatures, are
associated with cognitive performance. Models using indoor air temperature and RH as separate
independent exposure variables similarly show that higher indoor air temperatures, up to 26 °C in
this study, are associated with increased cognitive test scores and warm sensations, but appear to

underemphasize the potential importance of indoor moisture. This work suggests that higher
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indoor air temperature and moisture can support human occupants in this specific study setting,
which consisted primary of female occupants in the greater Boston area over the New England
heating season. More generally, this investigation also provides new considerations for the
characterization of indoor thermal conditions and implications for relating these conditions to

occupant health outcomes.

Finally, Chapter Four extended beyond the Boston-based classrooms study and cognitive
measures of speed and accuracy to examine divergent creative thinking among office worker
participants in multiple countries. In this work, we examined acute hourly exposures of CO, and
PM2;5 as air quality parameters, and temperature and RH as thermal metrics. Most (e.g., 75% of)
exposure values fell within low, normative ranges for buildings, but the upper exposure values
were higher than those in the Classrooms for Health study, which provided a wider exposure
range for assessment. Modeled associations showed statistically significant associations between
increases in indoor CO2 exposures and lower divergent creative thinking scores. The associations
for PM.s show directionally consistent, but statistically insignificant (at the 0.05 and 0.1 alpha
levels), evidence of an association between higher PM.s exposures and lower divergent creative
thinking scores. However, past investigations have only found significant associations at
exposures higher than those in this analysis, and the acute exposures were all within the limits of
sensor accuracy, which substantially limits the confidence in the PM2 s assessment. With respect
to thermal conditions, we observe an extended inverted U-shaped association or Maximum
Adaptability framework holding, where temperatures between 22-26 °C support higher divergent
creative thinking scores, and temperatures above and below being associated with decreases in
scores. The relationship between indoor moisture, either as a separate independent thermal

variable or assessed in combination with temperatures and expressed as enthalpy, did not yield
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evidence of consistent or significant associations. Conducting country-specific models showed
some evidence of associations within the USA in this study being similar to those in the
classrooms study in Chapter Three, but our analysis dataset was underpowered to sufficiently

investigate associations within the other two countries.

Recommendations for Future Research

The findings from and limitations in these studies set an agenda for future research on
this topic. First, future studies would ideally investigate more diverse study populations.
Although the CogFx Global Buildings Study encompassed six countries, the analysis population
was similar to the Classrooms for Health analysis population, as both consisted of young adults
who are predominantly White and Asian, and highly educated. Second, future work would
ideally investigate built environment settings with larger exposure ranges where intervention
could bring even greater benefit. Most buildings in these studies were well-operated and
maintained and exposure concentrations were low. While this is interesting from a scientific
perspective in that we still observed statistically significant and consistent results, at the same
time, we are not observing the potential full magnitude of these indoor environmental-human
health associations. From a practical perspective, we are potentially not observing the full impact
of potential interventions, such as improved ventilation in schools that are currently poorly
operated. Third, our measurement approach provided localized acute exposure assessment
information, but did not measure the full suite of indoor exposures. Future investigations could
enhance the suite of indoor thermal variables by assessing air speed and MRT for a more
complete assessment. For air quality, additional air pollutants, such as specific volatile organic
compounds, could be measured to explore associations between understudied air pollutants on

this topic and cognitive performance. Related to thermal investigations would be additional work
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that investigates the role of indoor air moisture on occupant outcomes, with larger analysis
datasets, larger exposure ranges, and varied study settings with respect to both time and place.
While we see preliminary evidence of an association between enthalpy and occupant outcomes,
this approach needs to be applied to more varied scenarios to better assess its usefulness and how
it might vary. Finally, energy is a main motivator for this topic, but this work is energy
suggestive, whereas future work would ideally be energy integrative. Indoor moisture is a
priority for energy investigations as well, since many space conditioning processes are governed
by moisture management. Future studies could incorporate building automation system
information, work with building operators to tune system operation, and/or employ other
modeling and measurement techniques to better assess the potential impacts on building energy

consumption, to ideally balance with building operation for occupant health.

Implications and Concluding Remarks

While there are many limitations in this work, these investigations include many
strengths in study design and analysis that instill confidence in the findings. When examining the
collective findings, we observe the strongest evidence for an association between lower
concentrations of indoor COg, as influenced by ventilation and occupancy, and cognitive test
scores. This suggests that increasing outdoor air ventilation could support occupant performance
in working and learning environments. Moving on to thermal conditions, it appears that
maintaining temperatures in a normative range (e.g., 22-26 °C) can support occupants and their
activities. The role of air moisture is less clear in this work, but there is preliminary evidence that
the association might vary distinctly by setting (e.g., location, climate, study population), and
that common approaches of assessing indoor air moisture with respect to occupant outcomes

(e.g., PMV estimates, using temperature and RH as separate thermal variables) might
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underestimate its importance. Indoor enthalpy, a combined metric of air heat and moisture,
shows promise to help overcome these issues and should be explored more fully in future work.
While there is still work to be done to understand the role of indoor air moisture on typical
occupant outcomes, this work suggests that focusing on enhancing indoor air quality, while
maintaining indoor temperatures in a normative range can help support cognitive performance
and thermal sensation. Focusing on increasing outdoor air ventilation and maintaining
temperatures within a normative range can help provide some flexibility around building energy
consumption, while also supporting occupants and their activities in working and learning

environments.
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APPENDIX A (FOR CHAPTER TWO)

Exposures: Additional Classroom Summary Statistics

Table 9: Summary table presenting summary statistics (mean, median, p75, p95, SD, CV) of all
measured values of indoor temperature, RH, and CO> within class periods included in analysis.
Summary statistics are based on summarized observations for 273 class periods included in final
analysis (n=273 per summary statistic table).

Variable Mean SD CVv Min p25 p50 p75 p95 Max

Central Exposures: mean CO;

Temperature (C) 23 1.2 0.051 20 23 23 24 25 26
RH (%) 25 6.8 0.28 12 19 25 28 36 46
CO2 (ppm) 707 207 0.29 471 562 625 771 1176 1309

Central Exposures: median CO;

Temperature (C) 23 1.2 0.051 20 23 23 24 25 26
RH (%) 25 6.8 0.28 12 19 24 28 36 46
CO2 (ppm) 712 212 0.3 470 566 614 778 1184 1333

Peak Exposures: p95 CO-

Temperature (C) 24 1.2 0.05 21 23 24 25 25 27
RH (%) 25 7.1 0.28 12 20 25 28 37 46
CO2 (ppm) 749 229 0.31 479 584 676 812 1230 1562

Peak Exposures: p75 CO-

Temperature (C) 24 1.2 0.05 20 23 24 24 25 27
RH (%) 25 7 0.28 12 19 25 28 37 46
CO: (ppm) 731 220 0.3 476 577 653 794 1200 1350

Exposure Variation: SD CO,

Temperature (C) 0.24 0.18 0.78 0.044  0.094 0.17 0.3 0.6 0.73

RH (%) 0.52 0.44 0.85 0.065 0.2 0.42 0.64 1.9 2.2
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Table 9 (Continued)

CO; (ppm) 39 37 0.96 5.2 15 28 48 122 290
Exposure Variation: CV CO>
Temperature (C) 1 0.79 0.78 0.18 0.38 0.71 13 2.6 3.1
RH (%) 2 14 0.7 0.29 0.95 1.8 2.7 6.2 6.8
CO; (ppm) 5 3.7 0.74  0.99 2.4 4.1 6.5 11 28
Exposures: Temporal Classroom CO, Concentrations
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Figure 14: Sample of temporal classroom CO> concentrations for four class periods included in

the study for one randomly selected classroom at School B.
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Figure 15: Sample of temporal classroom CO2 concentrations for four class periods included in
the study for a second randomly selected classroom at School B.
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APPENDIX B (FOR CHAPTER THREE)

Associations between thermal conditions and cognitive test scores
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Figure 16: Plotted spline terms from adjusted mixed effects models showing the associations
between indoor temperature and each of the six cognitive function scores. Models are adjusted
for class average temperature, RH and COz, school, and learning effects, and include
participant-specific random effects.
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Figure 17: Plotted spline terms from adjusted mixed effects models showing the associations
between indoor RH and each of the six cognitive function scores. Models are adjusted for class
average temperature, RH and CO., school, and learning effects, and include participant-specific
random effects.
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Figure 18: Spline term showing the modeled association between class average enthalpy and
neutral sensations. Models are adjusted for class average enthalpy and CO2, and school, and
include participant-specific random effects.
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Figure 19: Spline term showing the modeled association between class average temperature (a)
and RH (b) and neutral sensations. Models are adjusted for class average temperature, RH, and
CO2, and school, and include participant-specific random effects.

123



Table 10: Effect estimate summary from models exploring the associations between binary

thermal sensations and cognitive test scores.

Change in cognitive test score

Cognitive tests, grouped by thermal sensation Change (95% CI) p-value
Feeling neutral (as opposed to not)

Stroop (N=113)

Throughput (n correct / minute) 0.18 (-4.01, 4.37) 0.93
Response time (milliseconds) 1.02 (0.95,1.1) 0.61
Incongruent throughput (% correct / minute) -0.11 (-0.6, 0.38) 0.65
Average incongruent response time (milliseconds) 1.05 (1, 1.09) 0.29
Arithmetic (n=159) 0
Throughput (n correct / minute) -0.1(-1.2,1.01) 0.87
Response Time (milliseconds) 0.99 (0.92, 1.08) 0.89
Feeling warm (as opposed to not)

Stroop (n=113)

Throughput (n correct / minute) 2.02 (-2.76, 6.8) 0.41
Response time (milliseconds) 0.94 (0.87, 1.1) 0.15
Incongruent throughput (% correct / minute) 0.58 (0.03, 1.13) 0.04
Average incongruent response time (milliseconds) 0.91 (0.87, 0.96) 0.05
Arithmetic (n=159)

Throughput (n correct / minute) 0.51 (-0.65, 1.01) 0.87
Response Time (milliseconds) 0.98 (0.9, 1.07) 0.65
Feeling cold (as opposed to not)

Stroop (n=113)

Throughput (n correct / minute) -2.64 (-7.81, 2.52) 0.32
Response time (milliseconds) 1.05(0.95, 1.14) 0.34
Incongruent throughput (% correct / minute) -0.51 (-1.08, 0.06) 0.08
Average incongruent response time (milliseconds) 1.04 (0.99, 1.1) 0.41
Arithmetic (n=159)

Throughput (n correct / minute) -0.68 (-2.16, 0.81) 0.37
Response time (milliseconds) 1.04 (0.93,1.17) 0.44
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APPENDIX C (FOR CHAPTER FOUR)

Indoor Exposures by Country
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Figure 20: Country-specific boxplots summarizing acute exposures for the hourly-average CO-
concentrations corresponding to valid AUT test responses included in analysis.
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Figure 21: Country-specific boxplots summarizing acute exposures for the hourly-average PM2s
concentrations corresponding to valid AUT test responses included in analysis.
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Figure 22: Country-specific boxplots summarizing acute exposures for the hourly-average
temperatures corresponding to valid AUT test responses included in analysis.
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Figure 23: Country-specific boxplots summarizing acute exposures for the hourly-average RH
values corresponding to valid AUT test responses included in analysis.
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Figure 24: Country-specific boxplots summarizing acute exposures for the hourly-average
calculated enthalpy values corresponding to valid AUT test responses included in analysis.

Details on Scoring the AUT

The token-responses were cleaned based on token-response content with respect to the
prompt. Inappropriate/invalid token-responses, where the token-response has no possible
relation, meaning, or use with respect to the prompt (e.g., the response "plan” to the prompt
"key"), were removed, as were token-responses that were merely descriptions of the prompted
object and not actual uses of it (e.g., "big sheet of paper” for the prompt “sheet of paper"”). In
some instances, the final token-response to a prompt appeared incomplete, likely due to the
participant running out of time to complete the response. For these occurrences, the token-
responses were retained and corrected when interpretable, but removed when they were not.
There were also instances of collective-responses where all the contained token-responses were
unclear or unrelated, or where they suggested that the participant had failed to understand the
prompt or the purpose of the AUT. These collective-responses were removed entirely. In other

cases, single token-responses that should have been two token-responses and two token-
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responses that formed a single coherent token-response were corrected accordingly. For
example, "to shop” followed by “via the internet" was transformed into "to shop via the internet".
Within a token-response, words that were redundant or ambiguous with respect to the overall

response meaning were also removed.

Associations between indoor enthalpy and divergent creative thinking scores, complete case data
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Figure 25: Associations between indoor enthalpy and divergent creative thinking scores using

estimates from the minimally adjusted models and complete case data from all countries.

Minimally adjusted models control for hourly averaged indoor enthalpy, CO», and PM25, and

include a participant-specific random effect.
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Sensitivity Analysis: Replace missing data (+56 observations)
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Figure 26: Associations between indoor temperature and divergent creative thinking scores
using estimates from the minimally adjusted models, with replaced exposure data where
available. Minimally adjusted models control for hourly averaged indoor temperature, RH, CO»,
and PMzs, and a participant-specific random effect.
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Figure 27: Associations between indoor enthalpy and divergent creative thinking scores using
estimates from the minimally adjusted models, with replaced missing exposure data where
available. Minimally adjusted models control for hourly averaged indoor enthalpy, CO2, and
PMa s, and a participant-specific random effect.
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