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Abstract

The coronavirus disease 2019 (COVID-19) pandemic triggered an increase in remote work-
from-home for office workers. Given that many homes now function as offices despite not being
designed to support office work, it is critical to research the impact of indoor air quality (IAQ) in
homes on the cognitive performance of people working from home. In this study, we followed
206 office workers across the U.S. over one year under remote or hybrid-remote settings during
2021-2022. Participants placed two real-time, consumer-grade indoor environmental monitors in
their home workstation area and bedroom. Using a custom smartphone application geofenced to
their residential address, participants responded to surveys and periodic cognitive function tests,
including the Stroop color—word interference test, Arithmetic two-digit addition/subtraction test,
and Compound Remote Associates Task (CRAT). Exposures assessed included carbon dioxide
(CO2) and thermal conditions (indoor heat index: a combination of temperature and relative
humidity) averaged over 30 minutes prior to each cognitive test. In adjusted longitudinal mixed
models (n<121), we found that indoor thermal conditions at home were associated with cognitive
function outcomes non-linearly (p<0.05), with poorer cognitive performance on the Stroop test
and poorer creative problem-solving on the cRAT when conditions were either too warm or too
cool. Most indoor CO; levels were <640 ppm, but there was still a slight association between
higher CO» and poorer cognitive performance on Stroop (p=0.09). Our findings highlight the
need to enhance home indoor environmental quality for optimal cognitive function during remote

work, with benefits for both employees and employers.

Keywords: Occupational, remote, IEQ, productivity, buildings, ventilation
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1. Introduction

The beginning of the coronavirus disease 2019 (COVID-19) pandemic triggered a major shift in
work routines. For many office workers, their homes were abruptly forced into serving as all-
purpose indoor environments, merging their personal life and work life into one location.! As
office workers grew accustomed to remote work-from-home (WFH) over the next several years
and as pandemic restrictions eased, opinions about the long-term practice of WFH diverged.
Preferences about working at the office versus at home vary for a plethora of reasons related to
virus exposure, work flexibility, productivity, work setup, social connection, mental well-being,
family, and accessibility.””!° The main consensus is that long-term WFH does not universally

6.11.12 and that different workers will require different types of support for

work for everyone,
optimizing their work life.!® It is expected that some level of flexibility with WFH for office
workers will become a permanent feature of many company policies — pandemic or no — in order
to recruit and retain talent.!* Given that many homes will continue to multitask as offices,
without the buildings originally being designed to support office work, the question remains:

Does the indoor home environment support effective cognitive performance while working, and

how can home environments be optimized for remote work?

Prior research, mostly focused on office buildings, has shown that indoor air quality (IAQ)
acutely influences the cognitive function of office workers. Indoor carbon dioxide (CO3) is
generated from people breathing and is mostly influenced by occupancy levels and building
ventilation rates. Accordingly, CO> has often been used in studies as an indicator of outdoor air
ventilation rates and thus the general indoor dilution of pollutants, including volatile organic

compounds (VOCs) and fine particulate matter (PM2 5), although its accuracy as a surrogate for
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ventilation depends on the building volume, space type, occupant density, and other occupancy
characteristics.!>”!7 CO2 may also act as an independent indoor pollutant on its own.!”2° A
review of 37 experimental studies suggested that CO» can affect multiple dimensions of
cognitive function, with more consistent evidence when CO» was manipulated by adjusting
ventilation rates as opposed to by pure injection into the air.!” A recent meta-analysis of 15
experimental studies found stronger effects on complex cognitive tasks as opposed to simple
cognitive tasks, based on exposure to pure CO2.2! In our previous observational study about the
cognitive function of office workers in real office buildings in six countries around the world, we
reported that higher indoor concentrations of both CO> and PM> 5 in office buildings were
associated with worse performance on cognitive function tests during the course of one year; the
CO2 could have acted as a surrogate for a different (true) causal agent, not just as its own causal
agent.?? Most other studies of office worker cognitive function took place in experimental
simulated office rooms with controlled IAQ under a small number of different exposure
conditions. Their findings indicated associations of CO conditions with worse decision-making

19.23 associations of outdoor air ventilation rates with worse

performance?’ and cognitive function,
performance in decision-making,?* simulated office tasks,? and cognitive function,'” and
associations of PMa 5 levels with worse performance in tasks of memory and logical thinking.?
In addition to indoor pollutants, there is research evidence of non-linear impacts of thermal

2327 and student

discomfort, particularly hot or cold temperatures, on cognitive function
performance.?® ! Improving IAQ in office buildings for better cognitive function not only
benefits the employees, but also the organization. Because of increased employee productivity

and presenteeism, enhanced ventilation in offices has been shown to provide financial benefits to

the employer that far outweigh any energy costs associated with enhanced ventilation.*?



69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

&9

90

91

Homes have distinct IAQ profiles compared to office buildings. For one, homes may experience
higher levels of certain indoor pollutants from cooking, candle use, smoking, and other sources
not typically found in commercial office spaces.’*** Many residential buildings may also have
poorer mechanical outdoor air ventilation (if any), air filtration, or thermal insulation*-*>
compared to commercial office buildings.*® A recent review found that outdoor air ventilation
rates measured in about 10,000 homes had a geometric mean of 0.5 air changes per hour (i.e., a
volume of air equivalent to half the home enters every hour), based on data mostly from North
America, northern Europe, and China.?® There is a sparsity of comparative data to commercial
office spaces, but the 2019 building design standards from the American Society of Heating,
Refrigerating and Air-Conditioning Engineers (ASHRAE) would have equated to required air
change rates, at minimum, of approximately 0.32—0.35 for single-family or multi-family homes
versus nearly double, 0.6, for office spaces (assuming default occupancy and 8-foot ceilings).?’~

39 In practice, the actual air change rates in buildings also depend on how the systems are

designed, installed, and operated.

Emerging research has identified a possible relationship between the indoor environment of
homes and work performance at home. One study found that home environments with
comfortable working spaces and access to greenery were associated with improved perceptions
of WFH productivity among respondents to an online survey instrument.! Another found that
higher thermal satisfaction at home was associated with better self-reported WFH productivity
for a manufacturing company in Japan.*’ A third study in the U.S. reported that university

students living in residential buildings without air conditioning had worse cognitive function
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during heat waves than those living in air conditioned buildings.>* However, to our knowledge
there are no studies about the impact of [AQ measured in homes on objective assessments of

cognitive performance.

Major research gaps remain about how IAQ in residences affects the cognitive function of office
workers while working from home, which could inform solutions for healthier home workplace
environments with benefits to employees and employers alike. There is a critical need for studies
that evaluate continuous measures of multiple IAQ parameters, inside real buildings, as
occupancy behaviors change, over several seasons, with objectively measured outcomes of
cognitive function in the working-age population. Thus, the focus of our study was to
characterize real-time home indoor concentrations of CO», PM; 5, temperature, and relative
humidity and to investigate their associations with cognitive function test performance of office

workers while working from home in the U.S. over 12 months during 2021-2022.

2. Material and Methods

2.1. Study Design

This investigation was part of the longitudinal Home-Work Study that prospectively followed
206 office workers in the United States while they were working in remote or hybrid settings
during the COVID-19 pandemic. Participants were enrolled on a rolling basis and followed for
one year upon their enrollment (starting between May—December 2021). The participant
outcomes monitored included cognitive function, productivity, mental well-being, sleep quality,
and physical activity. We shipped participants two real-time, consumer-grade indoor

environmental monitors to place in their home workstation area and bedroom (Awair Omni, San
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Francisco, CA, USA) and a Fitbit watch to wear during the study (Fitbit Charge 4, San
Francisco, CA, USA). We also developed a custom smartphone research application (app) that
enrolled and consented participants, sent push notifications for periodic in-app surveys or
cognitive function tests, monitored their paired sensor data, and tallied their compensation
points. To maximize responses, in-app surveys and tests were set to automatically resend on
certain future days if missed by a participant the first time. Cognitive function outcomes included
a suite of four tests measuring cognitive performance or creativity. Participants were usually sent
one or two app-based cognitive function tests almost every week, and these tests were geofenced

such that they could only be taken when the phone was located at the home address.

Participants were asked to complete a series of surveys throughout the study period, including
one demographics survey that asked about covariates used in our statistical analysis. The other
surveys were outside the scope of this paper apart from population descriptives, but included
more one-time baseline surveys; recurring surveys about productivity and mental health every
two to three weeks; and surveys about hybrid work status every two weeks (to obtain
information about their hybrid work and any home changes). The one-time surveys included
questions about financial stress, work, lifestyle, medical conditions, social support, personality
(including extraversion and creativity indicators), home behaviors (including cleaning, air quality
factors, and product uses), typical location during each hour of a day, building factors to the best
of their knowledge (including type, ownership, layout, flooring, gas appliances, exhaust fans,
temperature control, ventilation systems, air drafts, air filtration, maintenance issues, and
water/mold issues, among many other questions), and home workstation factors (including

ergonomics, lighting, nature/biophilia, setup of workstation, distractions, privacy, and noise). The
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study protocol was reviewed and approved by the Institutional Review Board at the Harvard T.H.

Chan School of Public Health.

2.2. Study Population

Participants comprised a convenience sample of knowledge workers, as they were recruited
through advertisements on the LinkedIn website (Sunnyvale, CA, USA) and through a company-
wide newsletter to U.S. employees of Ernst & Young (New York, NY, USA). Inclusion criteria
queried in the eligibility survey were: lived in the U.S.; were between 22 and 64 years of age;
had a full-time, permanent employment position doing desk-based computer work; were
currently conducting full or partial remote work at home for a least the next several months;
lived in a house, apartment, townhouse, or condominium; had no smokers in the household; read
English fluently; did not have a color vision deficiency (for participation in a color-based
cognitive function test); had a smartphone; had a stable Wi-Fi connection at home (for the

monitors); and agreed to use the provided devices.

Figure 1 summarizes the exclusion criteria for data used in this paper’s analysis about indoor air
quality and cognitive function. Data from a final 131 participants covering 3,781 cognitive tests
were used, after excluding potentially invalid cognitive test responses (as described in later

section), missing IAQ data at time of cognitive test, and test responses that had only one trial for

a particular test type and participant (due to longitudinal design and learning effect).
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Cognitive Tests (t) Participants (n) Exclusion for Analysis

Stroop ‘ Arithmetic ‘ cRAT

Enrolled
n=206
| Lack of any survey data or
| cognitive test data (n=13)
t=4,324 Participated
1,680 1,533 1,111 n=183
| | Exclude incomplete, invalid,
| | or distracted tests (t=34, n=5)
1=4,290 Have usable test data
1,665 | 1518 | 1,107 n=178
| | Lack of air quality data at
[ [ time of tests (t=449, n=26)
1=3,841 Have IAQ data for tests
1,478 1,359 1,004 n=152
| | Only 1 trial by test type for
[ [ participant (=60, n=21)
t=3,781 Have multiple test trials
1,454 1,344 983 n=131
| | for adjusted models Lack of demographic
| | survey data (n=6, t=53)
t=3,728 Have demographic info
1,433 1,325 970 n=125
Stroop |Arithmetic cRAT
n=118 n=121 n=107

Figure 1. Summary of exclusion criteria for participants and cognitive test data used in the final analysis of this paper about the
association between indoor air quality and cognitive function (using Stroop, Arithmetic, and cRAT creativity test). Note:
n=number of participants; t=number of cognitive test responses from participants.

2.3. Indoor Air Quality Exposure Assessment

We provided participants with two new Awair Omni indoor environmental monitors, one for near
their bed and one for near their home workstation. The Awair Omnis are consumer-grade
monitors intended for the public to gain real-time access to environmental measurements and are
typically relatively low in cost. The sensors measured concentrations in five-minute intervals for
CO», PMy 5, temperature, and relative humidity, measured via non-dispersive infrared detector
(with automatic background calibration), laser-based light scattering particle sensor, and
complementary metal-oxide semiconductor sensor for the latter two, respectively.*! Other
measured parameters not considered in this analysis include total VOCs (because of less
standardized methods), noise levels, and light intensity (the latter two were less related to air
quality). Occasional missing data occurred due to the device disconnecting from Wi-Fi, as we

describe further in the Statistical Analyses section. Once disconnected, the device had to be
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rebooted by the participant via the monitor app, which we periodically monitored and instructed

participants on when and how to do so.

Participants were given written and video instructions on how to properly place the monitors at
breathing-zone height near the target area (bed or workstation), ensure sufficient airflow around
the devices, prevent obstruction from nearby objects (i.e., within two inches), and avoid places
with unrepresentative conditions (e.g., dust, dampness, clutter, excess heat, excess cold, direct

light, and corners with little airflow).

Each sensor within the Awair Omni unit comes batch-tested and pre-calibrated from the
manufacturer (Honeywell Sensing for the PM.; sensor) or has an automatic background self-
calibration protocol during operation (Telaire for the CO. sensor). We conducted additional
quality control and quality assurance (QA/QC) for 10% of the monitors before subsequent
shipment to participants. For batches of seven to 11 of those randomly selected monitors at a
time, we monitored the four air quality parameters in a typical home bedroom for thirty minutes
with windows closed followed by thirty minutes with the window open (for almost-outdoor CO>
levels); we visually confirmed that the shapes of the parameter curves were parallel across
devices over time and that the CO, levels approached background outdoor concentrations (~400—

500 ppm). In our observations, no monitors failed the colocation comparisons.

The Awair sensor specifications reported supported measurement ranges of 400—5,000 ppm for

CO2, 0-1,000 pg/m? for PM, s, -40—125°C for temperature, and 0—100% for relative humidity.

We excluded air quality measurements that had any values outside the range (<0.1% of data).

10
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The reported sensor accuracy was £75 ppm for CO» (with 1 ppm output resolution), £15 pg/m?

for PMa s (1 pg/m? resolution), £0.2°C for temperature (with 0.015°C resolution), and +2% for

relative humidity (with 0.01% resolution).*! Most (93%) PM, s data during the study period had
concentrations below 15 pg/m? (the accuracy limit), so we decided to exclude this exposure

parameter from statistical models.

Because temperature and relative humidity are interrelated parameters that together influence
perceptions of thermal comfort, we estimated the heat index as a combined exposure of interest
using the weathermetrics package in R, based on the algorithm by the U.S. National Weather
Service in its online heat index calculator.*>* Heat index is a measure of what the apparent
temperature feels like to the body based on both relative humidity and air temperature. In

essence, it adjusts the air temperature value based on the effects of air moisture (humidity).*>*

2.4. Cognitive Function Outcome Assessment

Participants completed four types of self-administered, visual cognitive tests within the study
smartphone app: Stroop,*** Arithmetic,?> Compound Remote Associates Task (cRAT),***” and
Alternative Uses Task (AUT)* (Figure 2). For this analysis, we focused on the first three types
of tests, which have entirely objective scoring (without the need for subjectively judging or
cleaning the results) and are thus easily scalable measures. All tests were designed to take
approximately two minutes in our app. The app provided an instruction screen before the

participants pressed start. Feedback on accuracy of answers was not given during the tests.

11
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Figure 2. Screenshots of example cognitive function test prompts within our custom study app for the a) Stroop, b) Arithmetic,
and c¢) cRAT tests. Note: the Stroop example is of an incongruent prompt (the solution is the font color green, even though the
word reads “red”). The solution for the cRAT example is “sun’. The solution for the Arithmetic test is 94.

The Arithmetic test in our study consisted of two-digit addition and subtraction problems that
measure cognitive speed and working memory.?? Each test prompted 10 math problems
immediately after each other, and participants were instructed to answer as quickly and as
accurately as possible. Prompts were randomized within test trials for all types of tests. The
performance metric calculated for the Arithmetic tests was cognitive throughput (number of

correct responses per minute).

The Stroop test is a color—word test that measures cognitive speed, selective attention, working
memory, and inhibitory control (ability to inhibit cognitive interference). It is an interference test
in that the participant must try to inhibit an easier automated thought process (reading the written
color word on the screen) and instead perform a less automated task (naming the font color of the
word).** In our app, each test (or “trial”) prompted 20 immediate rounds in which a color was
written as a word on the screen and the displayed font color of that text was either the same

(“congruent stimuli”) or different (“incongruent stimuli”) from the written color word; some of

12
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the prompts were also “neutral stimuli” in which simply “XXXX* was written in a particular
displayed font color. As quickly and as accurately as possible, the participant was instructed to
click the icon option that matched the displayed font color, not the written word. The color
options were blue, red, green, and purple. Performance metrics for Stroop test responses were
calculated as cognitive throughput (number of correct responses per minute for congruent and
incongruent prompts), throughput interference inhibition (throughput in congruent and neutral

rounds subtracted from throughput in incongruent rounds), and inhibitory control based on the

following equation modified from a previous publication:*+*°
S 1
inhibitory control = -
. time * # errors
time + 2 * 7
prompts

where time refers to the total time (minutes) taken for all prompts and where we took the inverse
of the previously published formula so that higher scores indicated better cognitive function (in

line with the direction of effect for our other metrics).

The cRAT is a word-pairing test of convergent creative thinking, remote association, and insight
problem solving.**#"#° In our study, each cRAT trial prompted eight creativity problems in which
the screen displayed three words that form compound words (or semantic associations) with a
fourth linkage word that the participant must think of. For example, given a prompt with the
words “fountain, baking, pop”, the correct answer would be “soda,” which forms the compound
words “soda fountain”, “baking soda”, and “soda pop.” The solutions are unambiguous, one-
word answers. The cRAT test requires creative thought by misdirecting someone’s information

retrieval: the first information considered in attempting a solution is usually not the correct

13
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answer, and thus the participant must access more distantly related information and may have the
‘aha!” moment without knowing how they came to the answer.® The possible cRAT prompts had
variable difficulty levels and were randomly selected at trial runtime from a published study of
300 predefined sets of words.? A participant was not shown a particular prompt more than once.
While the Stroop and Arithmetic tests did not have a time limit per question, each cRAT test had
a limit of 15 seconds per prompt before the test would automatically advance to the next prompt.
The performance metric for the cRAT test was creative throughput (number of correct solutions

per minute).

All cognitive tests were limited to work hours during Monday—Friday. Cognitive tests were
scheduled to be sent on Tuesdays—Thursdays (to avoid weekend edge effects), but the tests could
reappear in the app on other future days (also Tuesdays—Thursdays) if they were missed the first
time. The geofencing restriction on cognitive tests to the participant’s residential address helped
ensure that the cognitive tests were capturing performance during business hours at home. We
aimed for participants to receive approximately two of the cognitive function tests each week
(except every third week, one was replaced with a mental health survey). Although most tests
were regularly scheduled, sometimes the tests were designed to be triggered by the app upon the
sensor-based indoor air quality values reaching a certain threshold, to supplement variability in
the environmental conditions captured. The triggered tests occurred during any weekday
(Monday—Friday), as there was no way to limit them to a specific set of weekdays as was done
for the scheduled tests. These triggered tests consisted of one cognitive test type per threshold
condition over a few-week period towards the end of their study participation: PM»s < 6 pg/m?,

PMzs > 12 pg/m?, PMas > 50 pg/m?, CO, < 600 ppm, CO2 > 950 ppm, temperature < 20°C,

14
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temperature > 26°C, and 20°C < temperature < 26°C. These triggered tests were not always
responded to if the person’s phone was not geolocated at home or if the air quality never matched
the condition. If a participant missed the triggered time window, the test would be triggered

again the next time the condition was met.

We excluded cognitive test responses that were incomplete, potentially invalid (<25% accuracy
in Stroop or Arithmetic trial), or potentially distracted (response time longer than 5 seconds per
Stroop prompt or 15 seconds per Arithmetic prompt on average). Because of the longitudinal
nature of our study question and the need to control for first-test learning curve effects, we only
included data for a particular test type for a participant if they had at least two trial responses
during the study period (Figure 1). The final data set for analysis consisted of, on average, 12
trials per participant (range: 2—26 per participant) for the Stroop test, 11 trials per participant
(range: 2—-27) for the Arithmetic test, and 9 trials per participant (range: 2—17) for the cRAT test.
All our cognitive function metrics can be interpreted as higher scores indicating better cognitive

function and lower scores indicating worse cognitive function.

2.5. Statistical Analyses

2.5.1. Exposure Variable Selection

To inform our selection of exposure variables in statistical models, we calculated Spearman
correlation coefficients between indoor air quality parameters (Figure S1). Then, for each
parameter, we also evaluated the correlations between different time frames of the measured
parameter: the average, maximum, and 95 percentile concentration summarized for the 15

minutes, 30 minutes, 60 minutes, one week, and two weeks periods leading up to the timestamp
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of the cognitive test response (Figure S2). Due to the strong correlations between different
summary statistics across time frames of less than an hour, and our focus on acute associations,
we were confident that the 30-minute average concentrations of parameters were representative
of acute exposure before a cognitive test. The exposure variables were thus 30-minute averages
of CO» and heat index (the combined indicator calculated from temperature and relative
humidity). As described above, we did not include the PM> 5 parameter because most
concentrations were below the accuracy limit of the sensor for that parameter. We had prioritized
exposure data from the monitors placed in the home workstations of the participants, but if

missing, we used any available data from the monitors in the bedrooms.

2.5.2. Mixed Models

To investigate associations between the IAQ exposures and each continuous metric of cognitive
function, we employed generalized additive mixed models (GAMMs). GAMMs are an extension
of generalized additive models, which allow for non-linearity in associations, and mixed effects
models, which account for correlated data, such as due to repeat measurements of individuals
over time. In the GAMM models, we included the participant identifier as a random intercept to
account for expected correlations between measurements taken from the same individual over
the course of a year. The cognitive function metric for the cRAT test needed to be log-
transformed to achieve more normally distributed data based on histograms; before log-
transformation, some zero values were converted to 0.01 to be able to take logs. The CO> and
heat index exposure variables were added to the models as non-linear terms using penalized
splines without specifying the degrees of freedom. Our results present both minimally adjusted

and fully adjusted models. In minimally adjusted models, we controlled for several time-varying
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covariates: weekday (Monday, Friday, Mid-Week), participant’s trial number for that test type as
a learning effect (continuous), day of the year (penalized spline), and hour of day in local
participant time zone (continuous). Hour of day was first added as a penalized spline but was
changed to linear based on the resulting spline graph with one effective degree of freedom. In
fully adjusted models, we also adjusted for several potential baseline confounders that we
identified based on scientific literature and expert knowledge and that we categorized as: highest
level of education completed (some/full college, graduate school), age (continuous linear based
on result of penalized spline), gender (male, non-male), and race (White, Asian, Black, multiple

or other races).

To improve interpretability of the results and effect estimates, we then conducted linear
piecewise mixed models. The spline curves for the exposure variables from the GAMM models
were evaluated for linearity (defined as one effective degree of freedom) and then used to inform
the specification of linear CO; terms and piecewise linear heat index terms in these linear mixed
models. We selected a piecewise breakpoint at the mean of 23°C (73.4°F) for the heat index
variable (the median was 21°C), which was near the points of slope change for the heat index
splines for multiple outcomes from the primary models. The piecewise models were otherwise
identical to the GAMM models. For the Stroop and Arithmetic metrics, model results are
presented as the change in score associated with a 400-ppm increase in CO- or with a 10°C-
increase in heat index. For the cRAT test, model results are presented as the percent change in

score because the metric was log-transformed prior to analysis.
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In secondary GAMM analysis, instead of the summarized heat index exposure variable, we used
both temperature and relative humidity parameters together in a non-linear bivariate thin plate
spline.>® We evaluated the significance and non-linearity (based on effective degrees of freedom
[edf]) of the resulting three-dimensional spline plot to determine the interaction of temperature

and relative humidity in the associations with cognitive function.

In sensitivity analyses, we additionally controlled for the following covariates in all sets of
primary models: living situation (alone, with roommates, with domestic partner), home type
(single-family house, multiplex house, small apartment building [2-9 units], large apartment
building [10+ units]), forced-air central cooling and/or heating system (yes, no), children under
the age of 18 (yes, no), and Hispanic ethnicity (yes, no). The results were similar in statistical
significance, direction, and approximate magnitude. To assess potential interactions of CO; with
heat index, we conducted two separate sensitivity analyses. First, we performed the primary
GAMM models with a bivariate thin plate spline between CO; and heat index, instead of as two
separate exposure splines. The result showed only two effective degrees of freedom for the spline
for each outcome (i.e., no significant interaction), and visual examination of the three-
dimensional spline plots also indicated no interaction (Figure S4). Second, in adjusted linear
mixed models, we added an interaction term for the linear heat index and the presence of a
forced-air central cooling or heating system (which could influence both carbon dioxide and
temperature simultaneously), but there was no evidence of a significant interaction. Thus, we

maintained our primary models as described.
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All statistics were performed in R (version 4.1.2). Statistical significance was evaluated at

0=0.05, and suggestive evidence (borderline) was defined as a=0.10.

3. Results

3.1. Study Population

Table 1 summarizes characteristics of the participants in the Home-Work Study. Characteristics
were similar between all participants and the subset of participants included in our final analysis
for this paper (Table S1). Participants in our final analysis had a slight majority of female gender
identity (57%) and a range of ages (22 to 60 years old) (Table 1). They were mostly of White
(64%) or Asian (33%) race, and there were 4% of Black race and 8% of Hispanic, Latino, or
Spanish ethnicity. The majority (66%) lived with a domestic partner, while 16% lived alone and
18% with roommates. Approximately a third had children under the age of 18. This population

was also highly educated, with around 58% holding a graduate degree.

Table S2 and Table S3 provide further living, work, and building characteristics. In terms of their
work, the participants worked in a variety of institutions, including private for-profit companies
(73%), non-profit organizations (9%), academic institutions (9%), and government (5%). Fields
of work varied, with most in consulting (18%), research (14%), engineering (10%), accounting
(7%), program/product management (6%), information technology (5%), and operations (5%),
among other fields. About half of participants (49%) had a job that became remote in response to
the pandemic, while the others had a job that was already fully (23%) or partially (24%) remote.
The home workstations of the participants were in a designated home office (42%), bedroom

(19%), living area (19%), dining room (8%), or other rooms. The home buildings mostly

19



398

399

400

401

402

403

consisted of single-family houses (57%) and apartment buildings (43%), with about half of
homes (55%) being owned instead of rented. According to the self-report by participants of their
home buildings, less than half of homes had mechanical, forced-air central cooling (28%) or
heating (45%) systems, although misclassification depending on participant understanding was
possible. A selection of other survey questions about the building, including ventilation, thermal

control, and air filtration, are provided in the supplementary tables.
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Table 1. Population characteristics for the participants included in the final analysis of the paper.

Variable Statistic Participants in

This Analysis
Gender identity n (%)
Female 71 (57%)
Male 52 (42%)
Non-binary 2 (1.6%)
Other gender identity 0 (0%)
Age Median [Range] 33 [22-60]
Race(s) n (%)
White or Caucasian 80 (64%)
Asian or Asian American 41 (33%)
Black or African American 5(4%)
American Indian or Alaska Native 1(0.84%)
Native Hawaiian or Other Pacific Islander 0 (0%)
Other race 4 (3.2%)
Hispanic, Latino, or Spanish origin n (%)
No 115 (92%)
Yes: Mexican, Mexican American, Chicano 3 (2.4%)
Yes: Cuban 2 (1.6%)
Yes: Puerto Rican 1(0.8%)
Yes: another origin 4 (3.2%)
Born in the United States n (%)
Yes 85 (68%)
No 40 (32%)
Highest educated level received n (%)

Graduate school: doctorate degree

11
Graduate school: master's degree 56
Graduate school: professional degree 6 (4.8%)
4-year college bachelor's degree 45 (36%)
Some college, technical school, or associate's degree 7 (56.6%)
High school diploma or GED 0 (0%)
Less than high school 0 (0%)
LIVING SITUATION N=125
Housemate situation n (%)
Domestic partner 83 (66%)
Other housemates 22 (18%)
Live alone 20 (16%)
Total # people living in home Median [Range] 2 [1-7]
Pets n (%)
Dog(s) 32 (26%)
Cat(s) 20 (16%)
None of the above 61 (49%)
Children n (%)
No 84 (67 %)
Yes 41 (33%
BUILDING SITUATION N=119
Type of home n (%)
Single-family house 60 (50%)
Single-family house attached to other(s) 8 (6.7%)
Apartment building with 2-9 units 20 (17%)
Apartment building with 10+ units 31 (26%)
Home occupancy type n (%)
Owned 65 (55%)
Rented 51 (43%)
Occupied without ownership or rent 3(2.5%)

3.2. Indoor Air Quality

Table 2 provides summary statistics for the indoor air quality parameters. These concentrations

are visualized in Figure S3 for all time points during the study and in Figure 3 for all the 30-min-

averaged concentrations at the time of cognitive test responses. Absolute indoor CO»
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concentrations were usually between 410 and 1400 ppm (5" and 95" percentiles, respectively) in

the participant homes across all time points, with half the values less than 632 ppm (Table 2).

The temperature was usually between 17 and 26°C (between 36 and 79°F), and relative humidity

was usually between 26 and 67%. The combined heat index estimate tended to occur between 16

and 27°C (between 61 and 81°F). Concentrations of PM» s remained low during the study,

usually never above 21 ug/m? (the accuracy limit for the sensor was only + 15 pg/m?) and so this

parameter was not included in statistical models.

Table 2. Summary statistics for indoor air quality parameters measured by Awair Omni real-time monitors in the home
workstation and bedroom areas of the participant homes during one-year periods between May 2021 and December 2022.

Median (5th-95th Percentile) [Range] 42 1
Average During 30 Minutes All 5-Minute Timepoints

Parameter Uniits Sensor Before Cognitive Tests All Sensors All Workstation Sensors All Bedroom Sensors

Range (Ns=131) (N,=314) (N,=159) (N;=155) AAA
CO, ppm 400-5000 678 (445-1410) [400-2540] 632 (414-1390) [400-5000] 610 (414-1300) [400-5000] 656 (415-1480) [400-5000]
PM,5 pg/m3 0-1000 2.65(0.57-21.7) [0-819] 2.27 (0.267-20.9) [0-1000] 2.27 (0.33-17.8) [0-1000] 2.24 (0.2-25.3) [0-1000]
Temperature °C -40-125 22 (17.9-26.2)[7.77-31.8] 21.8 (17.2-26.3) [0-43] 21.7 (17.1-26.4) [0-43] 21.8 (17.2-26.1) [Uﬂ_@B
Relative humidity % 0-100 46 (24.7-64.1) [11.8-91.4] 49.2 (25.6-66.9) [0-99] 48.6 (25.1-66.2) [0-99] 49.8 (26.1-67.6) [0-99]
Estimated heat index  °C 21.5 (17-26.5) [6.5-32] 21 (16-27) [0-52] 21 (16-27) [0-41] 21 (16-26) [0-52]

CO,

PMzs

Temperature
Relative humidity
Estimated heat index

All 5-Minute Timepoints and Sensors (N;=314)

424

Spring (Mar-May)

638 (415-1390) [400-5000]
2.13 (0.179-23.0) [0-1000]
21.6 (17.2-25.6) [0.16-43.0]
45,0 (24.7-61.4) [7.43-93.7]
21 (16-25) [0-42]

Summer (Jun-Aug)

625 (413-1330) [400-5000]
2.33 (0.23-14.8) [0-1000]
23.4(19.2-27.7) [7.16-39.8]
52.8 (39.7-68.5) [10.8-98.0]
23 (19-28) [5-52)

Autumn (Sep-Nov)

650 (414-1470) [400-5000]
2.37 (0.333-17.0) [0-1000]
21.7 (17.5-25.9) [0-37.8]
53.3 (32.6-69.6) [0-99.0]
21 (17-26) [0-40]

Winter (Dec-Feb)

612 (415-1350) [40%@@]
2.20 (0.276-36.1) [0-1000]
20.4 (15.9-24.6) [0-41.8]
38.5 (20.4-62.1) [0-99,0]
20 (15-24) [0-42] Zf 6
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Figure 3. Boxplots summarizing 30-minute-prior average concentrations of residential indoor air quality parameters linked to
3,781 cognitive tests taken by 131 participants while working from home during one-year study periods between May 2021 and
December 2022. Note: For PM:s, we only included the lower 95% of values to improve visualization of the boxplot. Spring =
March, April, May; Summer = June, July, August; Autumn = September, October, November,; Winter = December, January,
February.

3.3. Associations between Indoor Thermal Conditions and Cognitive Function

The real-time indoor heat index concentrations at home during the 30 minutes prior to a
cognitive function test were significantly or suggestively associated with participant performance
for four different outcomes: cognitive throughput (in Stroop test), better ability to inhibit
cognitive interference (two other metrics in Stroop test), and better creative problem-solving
throughput (in cRAT test). In generalized additive mixed models, the non-linear spline terms
(Figure 4 and Figure S5) for indoor heat index appeared linearly increasing with the Stroop test
metrics until reaching a plateau, with a slight decrease towards the tail end for the inhibitory
control metric only, although data were scarcer at those higher indoor heat levels. There was
more of an upside-down U-shaped curve between indoor heat index and creative throughput in

the cRAT test, with the inflection point around 22—-23°C. Thus, the relationships between heat
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index and cognitive function metrics were non-linear for the Stroop and cRAT tests, which

informed our subsequent modeling decisions. Table 3 presents the results from linear mixed

models, using the indoor CO> exposure variable as a linear term and the heat index as piecewise

linear (<23°C versus >23°C), which was chosen based on the patterns of the non-linear splines.

Table 3. Results from longitudinal mixed models for the association between the acute average concentrations of indoor air
quality parameters in the 30 minutes prior to a test and the cognitive function outcomes among participants while working from
home during one-year periods between May 2021 and December 2022.

Covariates

Change in outcome [95% confidence interval] (p )

co,

Heat Index < 23°C (73.4°F)

Heat Index 2 23°C (73.4°F)

Per 400 ppm increase

[Piecewise] Per 1°C increase

‘Outcome Metric Number of Tests (t)
and Participants (n)
Stroop
Cognitive throughput n=122,t=1,454
n=118,t=1,433
Inhibitory control n=122,t=1,454
n=118,t=1,433

Throughput interference inhibition  n=122, t=1,454
n=118, t=1,433

CcRAT
Creative throughput' n=110, t=983
n=107, =970
Arithmetic
Cognitive throughput n=126,t=1,344
n=121,1=1,325

Min. adjusted
Fully adjusted

Min. adjusted
Fully adjusted

Min. adjusted
Fully adjusted

Min. adjusted
Fully adjusted

Min. adjusted
Fully adjusted

-0.408 [-1.07, 0.254] (p=0.23)
-0.509 [-1.17,0.153] (p=0.13)

-0.0354 [-0.0866, 0.0159] (p=0.18)
-0.0445 [-0.0958, 0.00683] (p=0.090) .

-0.408 [-1.15, 0.333] (p=0.28)
-0.522 [-1.26,0.218] (p=0.17)

-157% [-10.7%, 8.48%] (p=0.75)
-0.953% [-10.2%, 9.21%)] (p=0.85)

0.00698 [-0.215, 0.229] (p=0.95)
0.011[-0.212, 0.234] (p=0.92)

0.489 [0.206, 0.772] (p=0.00073) ***
0.486 [0.203, 0.769] (p=0.00080) ***

0.0265 [0.00463, 0.0484] (p=0.018) *
0.0257 [0.00382, 0.0476] (p=0.021) *

0.574 [0.258, 0.89] (p=0.00039) ***
0.571 [0.255, 0.887] (p=0.00041) ***

4.59% [0.583%, 8.75%)] (p=0.025) *
4.35% [0.334%, 8.53%)] (p=0.034) *

0.0306 [-0.058, 0.119] (p=0.50)
0.0141[-0.0751,0.103] (p=0.76)

-0.541 [-1.11,0.0315] (p=0.064) .
-0.575 [-1.15, 0.000247] (p=0.050) .

-0.0370 [-0.0814, 0.0075] (p=0.10)
-0.0384 [-0.0831, 0.00639] (p=0.093) .

-0.600 [-1.24, 0.0398] (p=0.066) .
-0.645 [-1.29,-0.00177] (p=0.050) *

-11% [-18.1%, -3.25%] (p=0.0063) **
-10.9% [-18.1%, -3.13%] (p=0.007) **

0.0934 [-0.087, 0.274] (p=0.31)
0.101 [-0.0812, 0.283] (p=0.28)

Note: Minimally adjusted models were controlled for only time-varying variables: trial number, weekday category, local hour of
day, and a spline for the day of year. Fully adjusted models were additionally controlled for baseline variables: age, gender, race,
and education. Exposures were calculated as averages in the 30 minutes prior to the test response.

!This outcome was log-transformed before analysis and thus the estimates are presented as percent changes in the outcome.

. p<0.10
* p<0.05
#* p<0.01
5k p<.001
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Figure 4. Spline curves from fully adjusted generalized additive mixed models for the association between 30-minute average
indoor air quality parameters and acute cognitive function outcomes among 125 participants during a one-year longitudinal
period.

Note: Spline curves for all outcomes are provided in Figure S5. Dotted lines represented 95% confidence intervals. Black vertical
bars at the bottom of each graph show where the actual data points lie. The effective degrees of freedom were 1 for carbon
dioxide and 2-3 for heat index.

Indoor thermal comfort had beneficial or harmful associations with cognitive function depending
on whether the heat index was too hot or too cold (while considering relative humidity) (Table
3). Restricted to levels above 23°C (73.4°F) in our models, a warmer heat index was
significantly associated with worse creative throughput and suggestively associated with worse
cognitive throughput and worse ability to inhibit cognitive interference. However, restricted to
levels below 23°C (73.4°F), a warmer heat index was associated with better cognitive

throughput, better ability to inhibit cognitive interference, and better creative throughput.

Specifically, among heat indices above 23°C, a 1°C higher indoor heat index was associated with

11% fewer correct solutions per minute in the cRAT creative problem solving test (95% CI: -
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18%, -3.1%; p<0.01), adjusted for trial number, weekday, day of year, local hour of day, age,
gender, race, and education (Table 3). In the Stroop color-word test, a 1°C higher indoor heat
index among indices above 23°C was associated with 0.58 fewer correct responses per minute
(95% CI: -1.2, 0.00025; p=0.050), a 0.038 worse score on cognitive interference inhibitory
control (95% CI: -0.083, 0.0064; p=0.093), and 0.65 fewer correct responses per minute in
incongruent trials with color—-word interference (after subtracting congruent/neutral reference

trial throughput) (95%: -1.3, -0.0018; p=0.050)(Table 3).

On the other side, restricted to heat indices below 23°C, a 1°C warmer indoor heat index was
associated with 4.4% more correct solutions per minute in the cRAT creative problem-solving
test (95% CI: 0.33%, 8.5%; p<0.05), 0.49 more correct responses per minute in the Stroop color-
word test (95% CI: 0.20, 0.77; p<0.001), a 0.026 better score on cognitive interference inhibitory
control in the Stroop test (95% CI: 0.0038, 0.048; p<0.05), and 0.57 more correct responses per
minute in incongruent trials with color—-word interference (after subtracting reference trial
throughput) in the Stroop test (95% CI: 0.26, 0.89; p<0.001). There were no significant

associations with throughput in the Arithmetic test.

Our further delineation of parameters involved in thermal comfort indicated that indoor
temperature and relative humidity have complex interactive eftects in associations with certain
cognitive function outcomes (Figure S6). In fully adjusted mixed models, the bivariate thin plate
spline of the interaction between temperature and relative humidity was significantly (p<0.05)
and non-linearly (edf>2) associated with throughput (edf=4.1; p=0.00093) and inhibitory control

(edf=2.6; p=0.022), as well as linearly with throughput interference inhibition (edf=2.0;
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p=0.00013) in the Stroop test. There was no significant interaction observed for the Arithmetic
(edf=4.4, p=0.13) or cRAT (edf=2.0, p=0.18) metrics. The three-dimensional spline graphs are

presented in Figure S6.

3.4. Associations between Indoor CO; and Cognitive Function

Real-time indoor CO» concentrations during the 30 minutes before cognitive function test
responses were below 640 ppm in at least half of instances (Table 2) and were not statistically
significantly associated with outcomes in this suite of tests; however, there was suggestive
evidence of an association between higher CO> concentrations and slightly lower cognitive
inhibitory control in the Stroop test (Table 3). Specifically, a 400-ppm increase in CO> was
associated with a 0.045 worse score on cognitive interference inhibitory control in adjusted
models (95% CI: -0.096, 0.0068; p=0.09). Furthermore, there were non-significant but negative
linear relationships between CO> concentrations and cognitive function in the Stroop and cRAT
tests, indicating a direction of effect that aligns with our hypothesis (higher CO» associated with
worse cognitive function). In the spline-based models in Figure 4 and Figure S5, higher CO»
exposure was non-significantly and linearly associated with slightly worse cognitive throughput,
inhibitory control, and cognitive interference inhibition in the Stroop test. The CO. spline always
resulted in one effective degree of freedom, indicating linearity in the relationships with
outcomes. The relationship was around null (nearly flat) for cRAT creative throughput and

Arithmetic throughput.

4. Discussion
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In this study, we followed the real-time indoor air quality and cognitive function of around 200
office workers at home over one year during COVID-19. We found that indoor thermal
conditions and possibly CO» concentrations while working from home may influence cognitive
function, including two brain tests that target cognitive speed, selective attention, working
memory, cognitive interference, creative thinking, remote association, and insight problem

solving.

4.1. Indoor Thermal Conditions

Thermal conditions at home were related to cognitive function in complex ways. For one, indoor
temperature and relative humidity synergistically interacted with each other in the association
with cognitive function, suggesting that both are important, non-independent indoor
environmental parameters. In addition, the indoor heat index, a measure of apparent temperature
adjusted for relative humidity, was non-linearly associated with certain cognitive function
outcomes. For two of the outcomes, a higher heat index was associated with better cognitive
function performance among cooler thermal conditions but with worse cognitive function among
warmer thermal conditions after some threshold (although our data became scarcer at high
thermal conditions). This non-linearity aligns with previous research finding an inverted U-
shaped curve between temperature and cognitive performance in which both hot and cold
exposure have negative impacts compared to neutral temperatures, and effects may differ slightly

depending on the type of cognitive task (e.g., reasoning versus attentional).?’?®

Although the physiological mechanisms between thermal conditions and cognitive function are

still not fully understood, experimental evidence suggests that cognitive function relies upon a
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dynamic interaction between the sympathetic and parasympathetic nervous systems,>! and that
too-warm thermal discomfort can shift the cardiovascular autonomic control more towards
sympathetic activity.’!> The ‘sweet spot’ of indoor setpoints for thermal neutrality is different
for each individual, based upon the role of clothing, adaptation, age, sex, fluctuating metabolic
rates, and other complex factors.?® The inter-individual variability in thermoregulation is a reason

some have called for technologies that offer personalized thermal conditioning in buildings.>?

4.2. Indoor Carbon Dioxide Levels

Apart from thermal conditions, there was suggestive evidence that indoor CO; levels in
residences were also associated with a poorer ability to inhibit cognitive interference, even with
most COz levels below 640 ppm. The relatively low levels of CO; in this study may have

precluded stronger statistical significance.

Over half of the homes in our study were single-family houses and the homes had a median of
two residents, which suggests that relatively high building volumes>* and low occupancies>’
likely played a role in the low COz levels observed. Ventilation rates could have contributed as
well, but we did not visit homes to directly measure ventilation rates or envelope air tightness or
inspect ventilation systems. Therefore, it is possible that CO> was not a comprehensive proxy for
general IAQ in the homes in our study and could have contributed to weaker statistical findings

than if we had directly evaluated ventilation or other indoor pollutants.

Nonetheless, our finding of potential negative associations between indoor CO and cognitive

function in home environments aligns with some previous research focused on office
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environments. For example, our previous study of 302 office workers found lower throughput
and slower response time (based on the same Stroop test) in association with higher CO; levels
in their office buildings over one year across the U.S., India, China, Thailand, Mexico, and the
U.K.?? Most other research leveraged controlled chambers or office replicates in experimental
study designs. Results were not always consistent, but some studies demonstrated negative
associations of indoor CO> concentrations or poor ventilation rates with human performance on

20.24 and simulated office tasks.? In one study,

tests of cognitive function,'>? decision making,
different categories of artificially elevated pure CO» levels revealed significant reductions in
seven domains of cognitive function (15% lower scores at 945 ppm CO; and 50% lower at 1,400
ppm, compared to 550 ppm target)!® and at least six domains of decision-making performance
(11-23% lower scores at 1,000 ppm CO; and 44-94% lower at 2,500 ppm, compared to 600
ppm).2° Another experimental study tested airplane pilots in a flight simulator and found that as
ultra-pure CO> decreased from 2,500 ppm while ventilation rates stayed the same, there was a
1.52 higher odds of passing a flight maneuver at 1,500 ppm CO> and 1.69 higher odds at 700
ppm.'® Research of young children in school has shown adverse links between indoor CO; or
poor ventilation and test scores.?*>® Thus, lower CO, levels — whether as a direct pollutant or

indirect indicator of IAQ — may have important benefits for the cognitive performance of

occupants across a diverse range of indoor built environments.

Paired with the previous body of literature, our study adds to the growing evidence that low CO»
and enhanced clean outdoor air ventilation may improve human cognitive function. Ventilation
benefits more than just the occupants: previous work from our research program showed that

enhanced office ventilation yields financial benefits to employers from improved employee
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health, productivity, and presenteeism, and these benefits greatly exceed the ventilation energy
costs.>? For example, doubling the ventilation rate from 20 to 40 cfm/person in office buildings
was estimated to cost less than $40 per person per year across all U.S. climate zones
investigated, while the improvements in employee cognitive performance by 8% would be
equivalent to a $6,500 increase in productivity per person per year. Energy recovery ventilation
systems were shown to support this enhanced ventilation with nearly neutralized environmental
impact.>? Solutions to support enhanced IAQ in homes during remote work would also benefit

employees and employers alike.

4.3. Strengths and Limitations

There are several limitations to note for this study. The generalizability of our convenience
sample is limited to highly educated knowledge workers (all with education after high school and
roughly half with a masters or doctoral degree), who were working from home in the U.S. during
the COVID-19 pandemic and who were mostly of White or Asian race. IAQ parameters and
ventilation systems in the relatively higher-income homes in this study were likely better at
controlling indoor conditions (e.g., 86% of homes had thermostat control of cooling) than is
typical for lower-income homes in the U.S. or other countries and thus has limited
generalizability. The participants also had access to their real-time IAQ data if sought, and they
could have taken steps to reduce pollutant levels or could have potentially biased their cognitive
performance. These potentially well-controlled or low-occupancy IAQ conditions may partly
contribute to the lower or no statistical significance found for associations of CO; levels with
worse cognitive function outcomes. Indoor CO. and temperature are universal conditions in any

indoor building environment, but care should still be taken when generalizing our findings to
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non-residential buildings or lower-income homes. The low concentrations of PM> 5 in the homes
in this study did not allow us to investigate associations between indoor PM; 5 and cognitive
function, as our previous global study of the cognitive function of office workers in the U.S.,
China, India, and U.K. did with a wider range of PM2 5 pollution. The accuracy range of the IAQ
sensors limited our ability to evaluate low-level PM, s exposure below 15 pg/m?>. These monitors
were low-cost devices purchased new in 2020. Although there is some measurement error for
these commercial-grade devices, research has found them to be strongly correlated with
reference data from research-grade instruments (e.g., correlation coefficient of 0.998 for CO. by
Awair monitors).>” Exposure measurement error by the devices or by the participants’ placement
of the devices would likely only be non-differential with respect to the outcomes, as all
participants had the same type of monitors and were blinded to the accuracy results of their
cognitive function tests over the entire study period. The monitors did have issues with
disconnecting from WiFi networks at random, which contributed to missing data (about 10%
based on Figure 1). However, there were two monitors for each participant to pull data from, and
we did periodically monitor disconnections and instruct participants on how to re-connect the
monitors. Another limitation was that the sampling occurred entirely remotely, so we did not visit
homes or collect direct measurements beyond the monitors and surveys. For example, we were
unable to measure ventilation rates or inspect ventilation systems to supplement the indoor air
pollutant data. However, the remote sampling strategy was beneficial during the pandemic and
enabled us to safely recruit a large sample of participants from a wide geographical area within
the U.S. We also did not directly survey individual participants’ thermal comfort or behaviors
that modify comfort, such as clothing, but rather focused on objective sensor measurements;

other future studies could focus on thermal perceptions. Finally, our study only evaluated
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exposures inside homes and did not capture potential lagged exposures external to the home,

such as in the outdoors, occasional office days (for some participants), or other buildings.

There are important strengths and novelties in this study. This is the first study to investigate
objectively measured home indoor air quality and cognitive function outcomes for people
working remotely from home, which has only become more important since the COVID-19
pandemic. The study design recruited 206 workers in real home dwellings across the U.S., not in
a simulated office room experiment as most prior studies have done. Our study sensors
monitored multiple IAQ parameters in real time af the home workstation of the participants and
used the same model of sensor for every participant. We followed the IAQ and repeated
participant outcomes longitudinally over one year, covering all seasons with a high
spatiotemporal resolution. The study employed a relatively large sample size and focused on
working-age adults, unlike many previous studies of students or elderly adults. Furthermore, our
custom smartphone study app enhanced the engagement and compliance of participants with
study activities. For example, the cognitive function tests within the app were geofenced so that
they could only be taken while at the home address, ensuring that the outcomes aligned with the
parallel IAQ measurements. Study activities were sent with app push notifications to improve
responses and were gamified via a compensation points system to motivate each activity. Finally,
the rich data from this cohort will support future research, including investigation of the impacts
of complex demographic, building, and behavioral factors on mental well-being while working

from home.

5. Conclusion
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In summary, the indoor air quality in home environments played an important role in the
cognitive performance of office workers while working remotely from home during the COVID-
19 pandemic. Both too-warm and too-cold indoor thermal conditions were associated with
poorer cognitive throughput and creative problem-solving. There was also suggestive evidence
of an association between higher indoor CO; concentrations and a poorer ability to inhibit
cognitive interference. Similar to some previous research of office environments, our results of
home environments highlight the potential benefits of lower CO» as a proxy for optimizing the
cognitive performance and creativity of building occupants. These findings support building
systems and standards that maintain low CO; concentrations based on promoting optimal health
and cognitive function, with benefits reaped to occupants and employers alike. Our current study
also emphasizes the importance of considering individual variability of diverse populations in the
practices and technologies for thermal conditioning of buildings. Finally, the increase in remote
or hybrid remote work since the beginning of the COVID-19 pandemic raises the question of the
potential financial benefits to and roles of employers in supporting interventions for healthier

work environments at home for their employees.

Acknowledgments

We would like to thank Mahala Lahvis, Jose Vallarino, Rachel Steiner, Tara Tyrell, Jose
Guillermo Cedeno Laurent, Piers MacNaughton, Yu Wang, Winnie Chin, Naila Segule, and Jie
Yin for their help during this study. This research was conducted with support from NIEHS T32
ES007069, NIEHS P30 ES000002, NIOSH T42 OH008416, and gifts from VELUX, Carrier

Global Corporation, and Procter & Gamble. The content is solely the responsibility of the

34



692

693

694

695

authors and does not necessarily represent the official views of the funders or their affiliated
agencies. The funders were not involved in decisions about study design, data collection, data
analysis, data interpretation, data presentation, or manuscript writing. The authors declare no

known competing interests.

35



696

697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739

References

(1) Tleuken, A.; Turkyilmaz, A.; Sovetbek, M.; Durdyev, S.; Guney, M.; Tokazhanov, G.;
Wiechetek, L.; Pastuszak, Z.; Draghici, A.; Boatca, M. E.; Dermol, V.; Trunk, N.; Tokbolat,
S.; Dolidze, T.; Yola, L.; Avcu, E.; Kim, J.; Karaca, F. Effects of the Residential Built
Environment on Remote Work Productivity and Satisfaction during COVID-19 Lockdowns:
An Analysis of Workers’ Perceptions. Build. Environ. 2022, 219, 109234,
https://doi.org/10.1016/j.buildenv.2022.109234.

(2) Galanti, T.; Guidetti, G.; Mazzei, E.; Zappala, S.; Toscano, F. Work From Home During the
COVID-19 Outbreak. J. Occup. Environ. Med. 2021, 63 (7), e426—e432.
https://doi.org/10.1097/JOM.0000000000002236.

(3) Kong, X.; Zhang, A.; Xiao, X.; Das, S.; Zhang, Y. Work from Home in the Post-COVID
World. Case Stud. Transp. Policy 2022, 10 (2), 1118-1131.
https://doi.org/10.1016/j.cstp.2022.04.002.

(4) Toscano, F.; Zappala, S. Social Isolation and Stress as Predictors of Productivity Perception
and Remote Work Satisfaction during the COVID-19 Pandemic: The Role of Concern about
the Virus in a Moderated Double Mediation. Sustainability 2020, 12 (23), 9804.
https://doi.org/10.3390/su12239804.

(5) Platts, K.; Breckon, J.; Marshall, E. Enforced Home-Working under Lockdown and Its
Impact on Employee Wellbeing: A Cross-Sectional Study. BMC Public Health 2022, 22 (1),
199. https://doi.org/10.1186/s12889-022-12630-1.

(6) Smite, D.; Tkalich, A.; Moe, N. B.; Papatheocharous, E.; Klotins, E.; Buvik, M. P. Changes
in Perceived Productivity of Software Engineers during COVID-19 Pandemic: The Voice of
Evidence. J. Syst. Softw. 2022, 186, 111197. https://doi.org/10.1016/j.jss.2021.111197.

(7) Costa, C.; Teodoro, M.; Mento, C.; Giambo, F.; Vitello, C.; Italia, S.; Fenga, C. Work
Performance, Mood and Sleep Alterations in Home Office Workers during the COVID-19
Pandemic. Int. J. Environ. Res. Public. Health 2022, 19 (4), 1990.
https://doi.org/10.3390/ijerph19041990.

(8) Kitagawa, R.; Kuroda, S.; Okudaira, H.; Owan, H. Working from Home and Productivity
under the COVID-19 Pandemic: Using Survey Data of Four Manufacturing Firms. PLOS
ONE 2021, 16 (12), €0261761. https://doi.org/10.1371/journal.pone.0261761.

(9) Awada, M.; Lucas, G.; Becerik-Gerber, B.; Roll, S. Working from Home during the COVID-
19 Pandemic: Impact on Office Worker Productivity and Work Experience. Work Read. Mass
2021, 69 (4), 1171-1189. https://doi.org/10.3233/WOR-210301.

(10)  Gensler Research Institute. Global Workplace Survey Comparison; 2023.

(11)  Beno, M.; Hvorecky, J. Data on an Austrian Company’s Productivity in the Pre-Covid-19
Era, During the Lockdown and After Its Easing: To Work Remotely or Not? Front. Commun.
2021, 6.

(12)  Patanjali, S.; Bhatta, N. M. K. Work from Home During the Pandemic: The Impact of
Organizational Factors on the Productivity of Employees in the IT Industry. Vision 2022,
09722629221074137. https://doi.org/10.1177/09722629221074137.

(13) Ralph, P.; Baltes, S.; Adisaputri, G.; Torkar, R.; Kovalenko, V.; Kalinowski, M.; Novielli,
N.; Yoo, S.; Devroey, X.; Tan, X.; Zhou, M.; Turhan, B.; Hoda, R.; Hata, H.; Robles, G.;
Milani Fard, A.; Alkadhi, R. Pandemic Programming. Empir. Softw. Eng. 2020, 25 (6), 4927—
4961. https://doi.org/10.1007/s10664-020-09875-y.

36



740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784

(14)  Smite, D.; Moe, N. B.; Hildrum, J.; Huerta, J. G.; Mendez, D. Work-from-Home Is Here
to Stay: Call for Flexibility in Post-Pandemic Work Policies. J. Syst. Sofiw. 2023, 195,
111552. https://doi.org/10.1016/j.jss.2022.111552.

(15) ASHRAE. ASHRAE Position Document on Indoor Carbon Dioxide; 2022.
https://www.ashrae.org/file%20library/about/position%20documents/pd_indoorcarbondioxid
e 2022.pdf (accessed 2024-04-15).

(16) Morawska, L.; Allen, J.; Bahnfleth, W.; Bennett, B.; Bluyssen, P. M.; Boerstra, A.;
Buonanno, G.; Cao, J.; Dancer, S. J.; Floto, A.; Franchimon, F.; Greenhalgh, T.; Haworth, C.;
Hogeling, J.; Isaxon, C.; Jimenez, J. L.; Kennedy, A.; Kumar, P.; Kurnitski, J.; Li, Y.;
Loomans, M.; Marks, G.; Marr, L. C.; Mazzarella, L.; Melikov, A. K.; Miller, S. L.; Milton,
D. K.; Monty, J.; Nielsen, P. V.; Noakes, C.; Peccia, J.; Prather, K. A.; Querol, X.;
Salthammer, T.; Sekhar, C.; Seppénen, O.; Tanabe, S.; Tang, J. W.; Tellier, R.; Tham, K. W.;
Wargocki, P.; Wierzbicka, A.; Yao, M. Mandating Indoor Air Quality for Public Buildings.
Science 2024, 383 (6690), 1418—1420. https://doi.org/10.1126/science.adl0677.

(17)  Du, B.; Tandoc, M. C.; Mack, M. L.; Siegel, J. A. Indoor CO2 Concentrations and
Cognitive Function: A Critical Review. Indoor Air 2020, 30 (6), 1067—1082.
https://doi.org/10.1111/ina.12706.

(18)  Allen, J. G.; MacNaughton, P.; Cedeno-Laurent, J. G.; Cao, X.; Flanigan, S.; Vallarino, J.;
Rueda, F.; Donnelly-McLay, D.; Spengler, J. D. Airplane Pilot Flight Performance on 21
Maneuvers in a Flight Simulator under Varying Carbon Dioxide Concentrations. J. Expo. Sci.
Environ. Epidemiol. 2019, 29 (4), 457-468. https://doi.org/10.1038/s41370-018-0055-8.

(19)  Allen, J. G.; MacNaughton, P.; Satish, U.; Santanam, S.; Vallarino, J.; Spengler, J. D.
Associations of Cognitive Function Scores with Carbon Dioxide, Ventilation, and Volatile
Organic Compound Exposures in Office Workers: A Controlled Exposure Study of Green
and Conventional Office Environments. Environ. Health Perspect. 2016, 124 (6), 805-812.
https://doi.org/10.1289/ehp.1510037.

(20)  Satish, U.; Mendell, M. J.; Shekhar, K.; Hotchi, T.; Sullivan, D.; Streufert, S.; Fisk, W. J.
Is CO2 an Indoor Pollutant? Direct Effects of Low-to-Moderate CO2 Concentrations on
Human Decision-Making Performance. Environ. Health Perspect. 2012, 120 (12), 1671—
1677. https://doi.org/10.1289/ehp.1104789.

(21)  Fan, Y.; Cao, X.; Zhang, J.; Lai, D.; Pang, L. Short-Term Exposure to Indoor Carbon
Dioxide and Cognitive Task Performance: A Systematic Review and Meta-Analysis. Build.
Environ. 2023, 237, 11033 1. https://doi.org/10.1016/j.buildenv.2023.110331.

(22) Laurent, J. G. C.; MacNaughton, P.; Jones, E.; Young, A. S.; Bliss, M.; Flanigan, S.;
Vallarino, J.; Chen, L. J.; Cao, X.; Allen, J. G. Associations between Acute Exposures to
PM2.5 and Carbon Dioxide Indoors and Cognitive Function in Office Workers: A
Multicountry Longitudinal Prospective Observational Study. Environ. Res. Lett. 2021, 16 (9),
094047. https://doi.org/10.1088/1748-9326/ac1bd8.

(23) Ahmed, R.; Mumovic, D.; Bagkeris, E.; Ucci, M. Combined Effects of Ventilation Rates
and Indoor Temperatures on Cognitive Performance of Female Higher Education Students in
a Hot Climate. Indoor Air 2022, 32 (2), e13004. https://doi.org/10.1111/ina.13004.

(24) Maddalena, R.; Mendell, M. J.; Eliseeva, K.; Chan, W. R.; Sullivan, D. P.; Russell, M.;
Satish, U.; Fisk, W. J. Effects of Ventilation Rate per Person and per Floor Area on Perceived
Air Quality, Sick Building Syndrome Symptoms, and Decision-Making. Indoor Air 2015, 25
(4), 362-370. https://doi.org/10.1111/ina.12149.

37



785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829

(25)  Wargocki, P.; Wyon, D. P.; Sundell, J.; Clausen, G.; Fanger, P. O. The Effects of Outdoor
Air Supply Rate in an Office on Perceived Air Quality, Sick Building Syndrome (SBS)
Symptoms and Productivity. Indoor Air 2000, 10 (4), 222-236.
https://doi.org/10.1034/5.1600-0668.2000.010004222 .x.

(26) W, J.; Weng, J.; Xia, B.; Zhao, Y.; Song, Q. The Synergistic Effect of PM2.5 and CO2
Concentrations on Occupant Satisfaction and Work Productivity in a Meeting Room. Int. J.
Environ. Res. Public. Health 2021, 18 (8), 4109. https://doi.org/10.3390/ijerph18084109.

(27)  Pilcher, J. J.; Nadler, E.; Busch, C. Effects of Hot and Cold Temperature Exposure on
Performance: A Meta-Analytic Review. Ergonomics 2002, 45 (10), 682—698.
https://doi.org/10.1080/00140130210158419.

(28) Brink, H. W.; Loomans, M. G. L. C.; Mobach, M. P.; Kort, H. S. M. Classrooms’ Indoor
Environmental Conditions Affecting the Academic Achievement of Students and Teachers in
Higher Education: A Systematic Literature Review. Indoor Air 2021, 31 (2), 405-425.
https://doi.org/10.1111/ina.12745.

(29) Haverinen-Shaughnessy, U.; Shaughnessy, R. J. Effects of Classroom Ventilation Rate
and Temperature on Students’ Test Scores. PloS One 2015, 10 (8), e0136165.
https://doi.org/10.1371/journal.pone.0136165.

(30) Cedeno Laurent, J. G.; Williams, A.; Oulhote, Y.; Zanobetti, A.; Allen, J. G.; Spengler, J.
D. Reduced Cognitive Function during a Heat Wave among Residents of Non-Air-
Conditioned Buildings: An Observational Study of Young Adults in the Summer of 2016.
PLoS Med. 2018, 15 (7), €1002605. https://doi.org/10.1371/journal.pmed.1002605.

(31) Barbic, F.; Minonzio, M.; Cairo, B.; Shiffer, D.; Cerina, L.; Verzeletti, P.; Badilini, F;
Vaglio, M.; Porta, A.; Santambrogio, M.; Gatti, R.; Rigo, S.; Bisoglio, A.; Furlan, R. Effects
of'a Cool Classroom Microclimate on Cardiac Autonomic Control and Cognitive
Performances in Undergraduate Students. Sci. Total Environ. 2022, 8§08, 152005.
https://doi.org/10.1016/j.scitotenv.2021.152005.

(32) MacNaughton, P.; Pegues, J.; Satish, U.; Santanam, S.; Spengler, J.; Allen, J. Economic,
Environmental and Health Implications of Enhanced Ventilation in Office Buildings. Int. J.
Environ. Res. Public. Health 2015, 12 (11), 14709-14722.
https://doi.org/10.3390/ijerph121114709.

(33) Chu, M. T.; Gillooly, S. E.; Levy, J. I.; Vallarino, J.; Reyna, L. N.; Laurent, J. G. C.;
Coull, B. A.; Adamkiewicz, G. Real-Time Indoor PM2.5 Monitoring in an Urban Cohort:
Implications for Exposure Disparities and Source Control. Environ. Res. 2021, 193, 110561.
https://doi.org/10.1016/j.envres.2020.110561.

(34) Wei, S.; Semple, S. Exposure to Fine Particulate Matter (PM2.5) from Non-Tobacco
Sources in Homes within High-Income Countries: A Systematic Review. Air Qual.
Atmosphere Health 2023, 16 (3), 553-566. https://doi.org/10.1007/s11869-022-01288-8.

(35) Nazaroff, W. W. Residential Air-Change Rates: A Critical Review. Indoor Air 2021, 31
(2), 282-313. https://doi.org/10.1111/ina.12785.

(36) Felgueiras, F.; Mourado, Z.; Moreira, A.; Gabriel, M. F. A Systematic Review of
Ventilation Conditions and Airborne Particulate Matter Levels in Urban Offices. Indoor Air
2022, 32 (11), e13148. https://doi.org/10.1111/ina.13148.

(37) Allen, J. G.; Ibrahim, A. M. Indoor Air Changes and Potential Implications for SARS-
CoV-2 Transmission. JAMA 2021, 325 (20), 2112-2113.
https://doi.org/10.1001/jama.2021.5053.

38



830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875

(38) ASHRAE. ANSI/ASHRAE Standard 62.1-2019: Ventilation for Acceptable Indoor Air
Quality; 2019.

(39) ASHRAE. ANSI/ASHRAE Standard 62.2-2019: Ventilation and Acceptable Indoor Air
Quality in Residential Buildings; 2019.

(40) Kawakubo, S.; Arata, S. Study on Residential Environment and Workers’ Personality
Traits on Productivity While Working from Home. Build. Environ. 2022, 212, 108787.
https://doi.org/10.1016/j.buildenv.2022.108787.

(41) RESET Air Performance Standard for Commercial Grade (B) Monitors. AWAIR Omni
Indoor Air Quality Monitor: Sensor Specifications; 2021.
https://www.reset.build/rails/active_storage/disk/eyJfcmFpbHMiOnsibWVzc2FnZSI61kJBa
DADVGI9JYTIWNVNTSXBZbVZoWmpreUlUTXRPVFEZWKMwME4yTXhMVOkwT1Rj
dESEQmpNRGRrTORRMUS5qZGICam9HUIZRNkVHUNBjMO0J2Y zJsMGFXOXVTUOpW
YVclc2FXNWxPeUJtY Vd4bGJtRnRaVDBpUVZKQINWSmMmZUMjF1YVY4eU1EQTFNak
V1Y0dSbUlqc2dabWxzWIc1aGIXVXFQVIZVUmkwNEpSZEJWMEZKVWwS5UGJXNXB
Yekl3TURVeU1TNXdaR 11HT3daVU90RmpiMjUwWIc1MFgzUjVjR1ZKSWhSaGNIQnNh
V050ZEdsdmJpOXdaR11IHT3daVU90RnpaWEoyY VdObFgyNWhiV1U2Q214dlkyRnMiL
CJleHA1OilyMDIzZLTA4LTA4VDE0OjQx0jQ2LjgxM VoiLCIwdX1iOiJibG9iX2tleSJ9fQ==
--00a231b3f1f6724b95ddbda529a3¢70677d9dec9/AWAIR Omni_200521.pdf.

(42)  Anderson, G. B.; Bell, M. L.; Peng, R. D. Methods to Calculate the Heat Index as an
Exposure Metric in Environmental Health Research. Environ. Health Perspect. 2013, 121
(10), 1111-1119. https://doi.org/10.1289/ehp.1206273.

(43) National Weather Service. The Heat Index Equation. Weather Prediction Center.
https://www.wpc.ncep.noaa.gov/html/heatindex equation.shtml (accessed 2023-08-08).

(44)  Scarpina, F.; Tagini, S. The Stroop Color and Word Test. Front. Psychol. 2017, 8.

(45) Stroop, J. R. Studies of Interference in Serial Verbal Reactions. J. Exp. Psychol. 1935, 18,
643—662. https://doi.org/10.1037/h0054651.

(46) Bowden, E. M.; Jung-Beeman, M. Normative Data for 144 Compound Remote Associate
Problems. Behav. Res. Methods Instrum. Comput. 2003, 35 (4), 634—639.
https://doi.org/10.3758/BF03195543.

(47)  The Remote Associates Test* - MEDNICK - 1968 - The Journal of Creative Behavior -
Wiley Online Library. https://onlinelibrary.wiley.com/doi/10.1002/7.2162-
6057.1968.tb00104.x (accessed 2023-04-14).

(48) Madore, K. P.; Jing, H. G.; Schacter, D. L. Divergent Creative Thinking in Young and
Older Adults: Extending the Effects of an Episodic Specificity Induction. Mem. Cognit.
2016, 44 (6), 974-988. https://doi.org/10.3758/s13421-016-0605-z.

(49) Wu, C.-L.; Huang, S.-Y.; Chen, P.-Z.; Chen, H.-C. A Systematic Review of Creativity-
Related Studies Applying the Remote Associates Test From 2000 to 2019. Front. Psychol.
2020, /1.

(50) Zanobetti, A.; Schwartz, J. Temperature and Mortality in Nine US Cities. Epidemiol.
Camb. Mass 2008, 19 (4), 563-570. https://doi.org/10.1097/EDE.0b013e31816d652d.

(51) Lan, L.; Tang, J.; Wargocki, P.; Wyon, D. P.; Lian, Z. Cognitive Performance Was
Reduced by Higher Air Temperature Even When Thermal Comfort Was Maintained over the
24-28°C Range. Indoor Air 2022, 32 (1), e12916. https://doi.org/10.1111/ina.12916.

(52) Barbic, F.; Minonzio, M.; Cairo, B.; Shiffer, D.; Dipasquale, A.; Cerina, L.; Vatteroni, A.;
Urechie, V.; Verzeletti, P.; Badilini, F.; Vaglio, M.; latrino, R.; Porta, A.; Santambrogio, M.;
Gatti, R.; Furlan, R. Effects of Different Classroom Temperatures on Cardiac Autonomic

39



876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897

Control and Cognitive Performances in Undergraduate Students. Physiol. Meas. 2019, 40
(5), 054005. https://doi.org/10.1088/1361-6579/ab1816.

(53) Khovalyg, D.; Ravussin, Y. Interindividual Variability of Human Thermoregulation:
Toward Personalized Ergonomics of the Indoor Thermal Environment. Obes. Silver Spring
Md 2022, 30 (7), 1345-1350. https://doi.org/10.1002/0by.23454.

(54) Shrestha, P. M.; Humphrey, J. L.; Barton, K. E.; Carlton, E. J.; Adgate, J. L.; Root, E. D.;
Miller, S. L. Impact of Low-Income Home Energy-Efficiency Retrofits on Building Air
Tightness and Healthy Home Indicators. Sustainability 2019, 11 (9), 2667.
https://doi.org/10.3390/sul11092667.

(55) Miller, S. L.; Scaramella, P.; Campe, J.; Goss, C. W.; Diaz-Castillo, S.; Hendrikson, E.;
DiGuiseppi, C.; Litt, J. An Assessment of Indoor Air Quality in Recent Mexican Immigrant
Housing in Commerce City, Colorado. Atmos. Environ. 2009, 43 (35), 5661-5667.
https://doi.org/10.1016/j.atmosenv.2009.07.037.

(56) Dorizas, P. V.; Assimakopoulos, M.-N.; Santamouris, M. A Holistic Approach for the
Assessment of the Indoor Environmental Quality, Student Productivity, and Energy
Consumption in Primary Schools. Environ. Monit. Assess. 2015, 187 (5), 259.
https://doi.org/10.1007/s10661-015-4503-9.

(57) Demanega, I.; Mujan, L.; Singer, B. C.; Andelkovi¢, A. S.; Babich, F.; Licina, D.
Performance Assessment of Low-Cost Environmental Monitors and Single Sensors under
Variable Indoor Air Quality and Thermal Conditions. Build. Environ. 2021, 187, 107415.
https://doi.org/10.1016/j.buildenv.2020.107415.

40



