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Abstract 1 

Few studies have examined associations between indoor conditions and creativity, 2 

despite its importance to knowledge work. Accordingly, we investigate associations between 3 

indoor air and thermal conditions and divergent creative thinking scores among 86 young adult 4 

knowledge workers in office buildings across four countries over approximately six months. 5 

Indoor environmental monitors at participant workstations provided measurements of indoor 6 

carbon dioxide and fine particulate matter concentrations, temperature, and relative humidity. 7 

Hourly averages of these environmental parameters were paired with participant responses to the 8 

Alternative Uses Test, a validated assessment of divergent creative thinking, for incorporation 9 

into mixed effects statistical models. The models show statistically significant evidence that 10 

higher indoor carbon dioxide concentrations, altered by ventilation and occupancy, are 11 

associated with lower divergent creative thinking scores. A 100-ppm increase in CO2 is 12 

associated with a 3% (95% CI: 0-5%), 4% (95% CI: 1-6%), and 11% (95% CI: 5-16%) negative 13 

difference in the expected fluency, flexibility, and originality count scores, respectively; and an 14 

11% decrease (95% CI: 5-16%) in the expected elaboration score. There is suggestive evidence 15 

of lower divergent creative thinking scores with higher fine particulate matter concentrations; 16 

however, concentrations and sensor accuracy were low and limit these findings. The thermal 17 

estimates suggest a temperature range of roughly 22-26 ⁰C to be associated with higher divergent 18 

creative thinking scores. Overall, this study suggests that maintaining temperatures within a 19 

normative range and focusing on ventilation, to lower concentrations of carbon dioxide and 20 

unmeasured but correlated pollutants, can help promote creative thinking in working 21 

environments. 22 
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1.0 Introduction 3 

For a typical office-based business, an estimated 1%, 9%, and 90% of annual business 4 

expenditure is devoted to energy, rent, and staff, respectively (BOMA, 2010; Bureau of Labor 5 

Statistics, 2011; International WELL Building Institute, 2017; Reichardt, 2016; Terrapin Bright 6 

Green LLC, 2012; US Department of Labor, 2010; World Green Building Council, 2014). While 7 

much attention has been devoted towards reducing building energy consumption through the 8 

sustainable buildings movement (Coyle, 2014; Solano Rodriguez et al., 2017), and many market 9 

drivers influence commercial rental rates (Brooks & McArthur, 2019; Devine et al., 2024), 10 

historically, little attention has been devoted to supporting worker performance, health, and 11 

wellbeing, despite staff being the main business expenditure and several studies citing billions of 12 

dollars in economic losses due to impaired worker health and performance (Fisk & Rosenfeld, 13 

1997; Niemelä et al., 2006; Stewart, 2003).  14 

In addition to the evidence outlining economic losses from building-related ill-health 15 

(Fisk et al., 2009; Niemelä et al., 2006; Niza et al., 2024; Rostron, 2008; Surawattanasakul et al., 16 

2022), a related arm of research is demonstrating associations between various indoor 17 

environmental parameters and cognitive performance. Robust and growing evidence suggests 18 

that lower concentrations of indoor carbon dioxide (CO2), achieved via lower occupancies and/or 19 

higher outdoor air ventilation rates, are associated with improved cognitive performance metrics 20 

in a variety of work-type settings (Allen et al., 2016, 2019; Cedeño Laurent et al., 2021; Du et 21 

al., 2020; Künn et al., 2023; Riham Jaber et al., 2017; Young et al., 2024); however it’s been 22 
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noted that the observed effects can vary by task type and population characteristics (Du et al., 1 

2020; Rodeheffer et al., 2018; Satish et al., 2012). While it is unclear whether this association is 2 

driven by a direct effect of CO2 on cognitive performance and/or an indirect effect via other 3 

unmeasured air pollutants that vary with CO2, there is additional evidence for associations 4 

between cognitive performance metrics and other air quality parameters themselves, such as fine 5 

particulate matter (PM2.5) (Ailshire & Crimmins, 2014; Cedeño Laurent et al., 2021; Saenz et al., 6 

2018; Shehab & Pope, 2019; Wang et al., 2020; Weuve, 2012) and volatile organic compounds 7 

(Allen et al., 2016; Arikrishnan et al., 2023). For thermal conditions, past work has observed 8 

significant effects of indoor dry-bulb temperatures on multiple cognitive domains, including 9 

working memory (Maula et al., 2016), long-term memory (Cui et al., 2013), attention (Lan et al., 10 

2011), mathematical processing (Cedeño Laurent et al., 2018; Lan et al., 2011), reasoning 11 

(Makinen et al., 2006; Palinkas et al., 2005), and processing speed (Schiavon et al., 2017). Most 12 

of these studies were narrowly focused in terms of study population characteristics, geography 13 

and climate, and indoor conditions. Not surprisingly, differences in the estimated thermal effects 14 

arise when comparing across studies with differences in the aforementioned factors. Some 15 

studies suggest variation in preferred thermal conditions by group and individual factors (Arsad 16 

et al., 2023; Kim et al., 2018; S. Zhang & Zhu, 2022), such as sex (Karjalainen, 2012; Parkinson 17 

et al., 2021), type of work performed (Luo et al., 2023; F. Zhang et al., 2019), and the potential 18 

influence of other indoor factors (Porras-Salazar et al., 2021).  19 

Although there is evidence for the influence of indoor environmental conditions on 20 

worker health and performance, complemented by the estimated economic impacts, gaps remain 21 

in both research and practice. With respect to research, two main limitations across most studies 22 

in this space are: 1) the use of narrow study populations and settings, which limits the 23 
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generalizability of study findings, and 2) the pervasive use of objective cognitive tests focused 1 

on speed and accuracy (Du et al., 2020; Porras-Salazar et al., 2021), which don’t capture the full 2 

extent of knowledge work. Moving on to practice, in the field of occupational health and safety, 3 

organizations set threshold limit values to protect worker health from various exposures 4 

(Congressional Research Service, 2013; United States Government Accountability Office, 2012). 5 

These exposure limits typically apply to outdoor and industrial settings; are designed to prevent 6 

serious ill-health outcomes, such as preventing heat stroke among outdoor workers; and are 7 

related to physical types of work (Deveau et al., 2015; Paustenbach, 2001), and are therefore not 8 

applicable to knowledge-based work in office environments. Although there is growing attention 9 

on the potential for buildings to promote human health (Danivska et al., 2019; EPA, 2001; 10 

Heidari et al., 2017; United States Government Accountability Office, 2012), and emerging 11 

voluntary guidelines and standards promoting healthy building practices in general (Callway et 12 

al., 2020; Gostin et al., 2023; Heidari et al., 2017), there is still a need to elucidate the indoor 13 

environmental conditions that promote knowledge-based work to help fill the research gap and 14 

better inform building design and operation in practice. 15 

Accordingly, this work aims to address these outstanding questions by investigating 16 

associations between acute indoor air and thermal exposures and divergent creative thinking 17 

among knowledge workers across multiple countries. This will be one of the first studies to 18 

examine associations between acute indoor exposures and divergent creative thinking and to 19 

present estimates of novel associations, not yet explored in existing work on this topic 20 

(Arikrishnan et al., 2023). In addition to being sparsely studied, creative thinking is important to 21 

study in this context because it’s becoming an increasingly vital skill to businesses and it’s not 22 

fully clear how it may be influenced by indoor office conditions. Although few studies have 23 
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focused on a creative cognitive process, those that do show motivating evidence of associations 1 

between indoor air and thermal conditions and creative test scores (Arikrishnan et al., 2023; 2 

Young et al., 2024). While there are many inherent physiologic and genetic characteristics that 3 

appear to be associated with creativity (Moore et al., 2009), there is also evidence that creativity 4 

can increase with various lifestyle factors and training regimes (Blanchette et al., 2005; Haase et 5 

al., 2023; Hassevoort et al., 2020; Steinberg et al., 1997). Accordingly, this research will help 6 

elucidate whether indoor environmental conditions are another modifiable factor that can be used 7 

to promote creativity. This will be of high interest to businesses since creative thinking is ranked 8 

as one of the most sought-after skills (Van Laar et al., 2017) for both employees and employers, 9 

spanning a multitude of disciplines (Archibugi et al., 2013; World Economic Forum, 2023), and 10 

in the wake of business disruptions due to technological advancements (Aoun, 2017; Balková et 11 

al., 2022) and societal changes (Karwowski & Soszynski, 2008), such as COVID-19 (Zutshi et 12 

al., 2021). By investigating how indoor air and thermal conditions are associated with divergent 13 

creative thinking scores among adult office workers across multiple countries, this study aims to 14 

help address the aforementioned gaps in the scientific literature and also help inform how 15 

working environments can be designed and operated to promote creative thinking.  16 

2.0 Methods 17 

2.1 Study Design 18 

This topic was investigated using a subset of data from the CogFx Global Buildings 19 

Study (Cedeño Laurent et al., 2021). The CogFx Global Buildings Study is a prospective, 20 

observational, longitudinal study that assessed indoor environmental conditions and various 21 

health outcomes among adult workers in commercial office buildings located in China, India, 22 
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Mexico, Thailand, the United Kingdom (UK), and the United States of America (USA), over one 1 

year within the overall study period spanning May 2018 through March 2020. Indoor 2 

environmental conditions were assessed in buildings using real-time, continuous monitors. 3 

Health outcomes included various aspects of cognitive performance, physical health, and 4 

perceived satisfaction, which were assessed using participant responses to various tests and 5 

surveys that were administered using a smartphone-based research application. Each participant 6 

received a total of fifteen minutes of study activities each week. All activities were sent to 7 

participants during standard working hours (Monday-Friday, 9 am – 5 pm local time) based on 8 

either a schedule or the measured indoor environmental conditions (e.g., an activity was 9 

programmed to send if measured indoor conditions exceeded pre-specified thresholds). 10 

Participants were given one hour to complete each study activity and had to be physically present 11 

in their regular office building to complete it, which was enforced using geocoded locations and 12 

Global Positioning System information collected by the smartphone-based research application. 13 

If the activity was not completed within the one-hour window, it was pre-programmed to be sent 14 

another day that week following either the same schedule or triggered conditions. The type of 15 

cognitive test sent to participants varied by rotating through the full suite of cognitive tests used 16 

in this study, with each test administered up to 36 times over the entire twelve-month study 17 

period; however the number of tests completed by each participant varied based on their 18 

participation. The measured indoor environmental conditions and participant responses to 19 

activities were available to pair for further analysis. All study protocols were General Data 20 

Regulation-compliant and were reviewed and approved by the Institutional Review Board at the 21 

Harvard T.H. Chan School of Public Health. 22 
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2.2 Study Population 1 

Participant recruitment began by first identifying employers willing and able to 2 

participate, and then recruiting participants regularly working for participating employers. 3 

Employers were eligible to participate if they owned or leased space in a commercial office 4 

building, were willing and able to install continuous indoor environmental monitors within their 5 

space, and had ten or more employees. Once eligible employers were retained, eligible 6 

employees were recruited with a goal of at least ten participants per building with balanced 7 

demographics in terms of age and sex assigned at birth within each building. Employees were 8 

eligible to participate if they met the following criteria: be a full-time employee at a participating 9 

company, have an assigned workstation and work from it at least three days each week, be 10 

between the ages of eighteen and 64, speak at least one of the three study languages (i.e., 11 

Chinese, English, or Spanish), have a smartphone compatible with the research application, not 12 

be colorblind, and not be a current smoker.  13 

2.3 Exposure Assessment: Indoor Environmental Quality 14 

Indoor environmental parameters were measured using commercial-grade real-time 15 

continuous monitors installed at or near participants’ workstations. The monitors were installed 16 

either by a study team member or an individual at the building with remote assistance from a 17 

study team member. All monitors were installed at the breathing zone height of a seated 18 

individual (0.8-1.5 m) and away from drafts, heat sources, and direct solar radiation. Due to 19 

various restrictions with sensor connectivity, communication, and security considerations, six 20 

different monitors had to be used across the full study, but each building received the same type 21 

of monitor. The monitors used are as follows: Harvard Healthy Buildings sensor/Academia 22 

Sinica or Awair Omni for India; Obotrons for Thailand; Harvard Healthy Buildings sensor or 23 
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Awair Omni for the UK; and Harvard Healthy Buildings sensor, Awair Omni, Chemi-Sense CS-1 

001, or Tongdy MSD-16 for the USA. All monitors measured the thermal and air quality 2 

parameters of interest, which are temperature, relative humidity (RH), CO2, and PM2.5. All 3 

sensors with manufacturer-report accuracies are within ±1 °C for temperature, ±5% for RH, ±15 4 

ug/m3 for PM2.5, and ±200 ppm for CO2; additional details of sensor-specific performance are 5 

available in Table 1 for PM2.5 and Table S1 for CO2 in a related study (Jones et al., 2021). 6 

Quality assurance, quality control testing was conducted by study team members prior to 7 

installation for air quality parameters by co-locating at least one monitor of each of the six types 8 

with a recently calibrated reference instrument: TSI DustTrak, TSI Instruments, USA for PM2.5 9 

sensors; QTrak 7575; TSI Instruments, USA for CO2 sensors. Co-located data was visually 10 

inspected to ensure agreement between the study monitors and reference instruments. Hourly 11 

averages of temperature, RH, CO2, and PM2.5 were calculated for each outcome measure 12 

included in analysis, described in the following section, using data from the participant’s 13 

assigned sensor, enforced by the geocoding described earlier, and for the hour corresponding to 14 

the timestamp of each specific outcome response. Following convention from similar efforts 15 

(Cedeño Laurent et al., 2021), the data was checked for values in ranges where sensor 16 

performance is limited (Demanega et al., 2021) and should be removed for analysis. This 17 

includes PM2.5 measurements equal to or above 80 ug/m3 and CO2 measurements equal to or 18 

above 2,500 ppm; however no values in these ranges were observed in the final analysis dataset. 19 

2.4 Outcome Assessment: Divergent Creative Thinking 20 

The outcome of interest in this investigation is divergent creative thinking, which is 21 

ideation to problems with no standard solution (Madore et al., 2016). This study uses derived 22 

divergent creative thinking scores from participant responses to the Alternative Uses Test 23 



10 
 

(AUT), a validated assessment of divergent creative thinking (Dippo & Kudrowitz, 2015; 1 

Guilford, 1967; Madore et al., 2016). The AUT works by prompting a participant with an 2 

everyday object (e.g., “brick”), referred to herein as a “prompt”, and then the participant has two 3 

minutes to come up with as many diverse uses for that object as possible (e.g., “doorstop”, “toy”, 4 

and “mallet” could all be uses for the “brick”). Herein, “token-response” refers to a single use 5 

proposed by a participant to an AUT “prompt”, and “collective-response” refers to the collection 6 

of “token-responses” to a single AUT “prompt” (e.g., all proposed uses a participant submits to a 7 

single AUT prompt). Using the above example, “brick” would be the “prompt”; “doorstop”, 8 

“toy”, and “mallet” would each be a “token-response” (three in total); and “doorstop”, “toy”, and 9 

“mallet” would be the participant’s “collective-response”.  While some forms of the AUT in past 10 

studies have provided further instructions to participants about how they should respond, such as 11 

requesting terse responses (Yin et al., 2019), in this study, no instruction as to the types of uses 12 

or how the uses should be described were specified. AUT prompts rotated through a set of 13 

verified objects for all participants.    14 

Participant responses to the AUT were then used to calculate metrics of divergent 15 

creative thinking. While there is variation in the specific dimensions and associated scoring 16 

approaches used across studies (Dumas & Runco, 2018), this work focuses on four common 17 

dimensions of divergent creative thinking (Alhashim et al., 2020; Beketayev & Runco, 2016; 18 

Shah et al., 2003; Stevenson et al., 2020; Tanis et al., 2018; Vartanian et al., 2019, 2020). These 19 

dimensions and what they intend to represent are as follows: 1) fluency: the number of proposed, 20 

valid uses per AUT prompt; 2) elaboration: the average level of detail across valid responses to a 21 

prompt; 3) originality: how unique the proposed use is; and 4) flexibility: the number of unique 22 

proposed uses (Madore et al., 2016).  23 
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To derive the divergent creative thinking scores for the four dimensions from the raw 1 

AUT responses, raw AUT token-responses were first reviewed and cleaned for various response 2 

issues. Two study team members performed the cleaning and reviewing and discussed the 3 

approach, process, and unique occurrences and questions, with supervision and review by a third 4 

study team member to promote consistency and quality control. The raw token-responses were 5 

first translated from Chinese and Spanish to standard American English, where applicable; 6 

cleaned for spelling errors and accidental characters; and grammatically streamlined for 7 

consistent comparison (e.g., converting all compound word forms to a single continuous word). 8 

Next the token-responses were cleaned and removed based on interpretability and 9 

appropriateness with respect to the prompt. Specific details of this approach and decisions are 10 

provided in Appendix A. Overall, the reviewers adopted a more “generous” than “strict” 11 

cleaning approach, meaning that efforts to reasonably correct, decipher, and/or complete token-12 

responses were taken as opposed to automatically removing any token-response that was 13 

incomplete in some way. All cleaning and reviewing done by the study team was blinded with 14 

respect to the exposures and participant and building characteristics.  15 

Using the cleaned dataset, each collective-response to an AUT prompt was scored along 16 

the four dimensions of divergent creative thinking. Fluency is calculated using an automated 17 

script that sums the number of token-responses per AUT prompt (i.e., a fluency score is 18 

calculated for each AUT completed by a single participant). Elaboration is calculated using an 19 

automated script that sums the total number of words used in all participant token-responses to a 20 

single AUT prompt and then dividing by the number of participant token-responses to that AUT 21 

prompt to obtain the average number of words across all collective-responses. Flexibility and 22 

originality could not be scored with an automated script and were assessed by the two 23 
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independent scorers and third reviewer. The first step in this process is to “transform” the unique 1 

participant token-responses into a standardized set of consistent function categories through an 2 

"encoding"-type process. Function categories were defined to encompass different participant 3 

token-responses that had the same use (e.g., the responses “beer” and “wine” would both fall 4 

under the function category “drink”). Flexibility is scored as the total number of distinct (coded) 5 

function categories across all token-responses to a single AUT prompt. Originality, intended to 6 

represent how “unique” the proposed use is, is calculated by awarding a point to each unique 7 

encoded proposed use function that occurred only once across all responses to a specific AUT 8 

prompt. This process resulted in 426 cleaned and scored AUT responses. 9 

2.5 Statistical Methods 10 

Cleaned exposure, outcome, and covariate data were combined to create an analysis 11 

dataset of 195 observations from 86 participants, further described in Figure 1. Each observation 12 

in the analysis dataset includes the calculated creative thinking scores from a single response to 13 

an AUT test, paired with the mean indoor conditions that correspond to the time and location of 14 

that AUT test response. This analysis dataset consists of complete case data only; AUT 15 

responses where corresponding indoor exposure data was unavailable (due to sensors failing to 16 

record measurements during that time) are excluded from the main analysis. A flowchart of 17 

inclusion criteria leading to the final analysis dataset is presented in Figure 1 below. 18 

 19 
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 1 

Figure 1: Flowchart showing data inclusion criteria that produced the final analysis dataset. 2 

This analysis dataset was then used to construct a series of mixed effects statistical 3 

models to explore the associations between acute indoor environmental exposures and divergent 4 

creative thinking scores. A separate model was constructed for each of the four calculated 5 

divergent creative thinking scores, treating each as the outcome of interest in its respective 6 

model. Fluency, flexibility, and originality were each modeled with a quasi-Poisson distribution 7 

since these are count variables with over-dispersed variances. Elaboration was log-transformed 8 

to better meet the assumption of normality and was then modeled as a continuous variable using 9 

a linear model assuming a normal distribution. Acute CO2 and PM2.5 exposures are modeled as 10 

linear terms since past work has found linear associations without a threshold between these two 11 

parameters and cognitive performance metrics over a range of acute exposures similar to those 12 

observed in this study (Cedeño Laurent et al., 2021; Young et al., 2024). Indoor thermal 13 
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exposures, modeled either using calculated enthalpy, a metric combining temperature and RH to 1 

represent total heat, or measured temperature and RH as separate independent variables, were 2 

modeled using cubic regression splines to allow for non-linear associations that have been 3 

observed in past work (Seppänen et al., 2006; F. Zhang et al., 2019). Correlations among indoor 4 

air quality parameters and thermal parameters were low and therefore acceptable to include both 5 

in the same model. Correlations among multiple responses from the same participant over the 6 

study period were controlled for using participant-specific random effects. Models following this 7 

construction are termed the “minimally adjusted models” as they consistently produced the 8 

lowest Akaike Information Criterion (AIC) value and are deemed to best fit the given data. We 9 

also explored models that control for other potentially important confounders and predictors by 10 

controlling for learning effects and time in different ways. A series of models that extend beyond 11 

the minimally adjusted models and control for the first AUT response by each participant to 12 

account for potential learning effects (Cedeño Laurent et al., 2021; Goldberg et al., 2015), 13 

country, and time using a natural spline with two degrees of freedom were also constructed. 14 

These models are termed the “fully adjusted models” and produce higher AIC values, indicating 15 

worse fit than the minimally adjusted models. Model estimates are discussed below, along with 16 

additional sensitivity analyses to investigate potential variation in the results.  17 

3.0 Results 18 

3.1 Participants 19 

As described in Figure 1, a total of 460 participants working in 42 buildings across all six 20 

countries enrolled in the CogFx Global Buildings Study. Of these 460 enrolled participants, only 21 

participants who provided valid AUT responses that had directly measured environmental 22 
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exposure data corresponding to the time of the AUT response (i.e., no missing exposure data) 1 

were included in analysis. This resulted in 86 participants working in 22 different buildings in 2 

four countries, including India, Thailand, the UK, and the USA. There were no valid AUT 3 

responses with corresponding directly measured exposure data from participants in China and 4 

Mexico, so these two countries are not included in this analysis. Characteristics for 72 of the 86 5 

participants included in analysis  are summarized in Table 1 below. The other fourteen of 86 6 

participants that contributed AUT responses to this analysis dataset did not complete the baseline 7 

survey and so their characteristics are unknown. As shown in Table 1, most participants included 8 

in this analysis who completed the baseline survey were in their twenties or thirties and have a 9 

high level of education.  Balanced sex was achieved within each country and overall, but the 10 

study population is predominantly White and Asian. These participant characteristics are 11 

consistent with the broader pool of 185 participants that contributed an AUT response, regardless 12 

of whether that response was included in analysis.  13 

Table 1: Participant characteristics for the 72 participants included in this analysis that 14 
completed the baseline survey. 15 
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  1 

3.2 Indoor Environmental Exposures 2 

A summary of all one-hour averaged exposures of temperature, RH, CO2, PM2.5, and 3 

calculated enthalpy included in analysis is presented in Table 2. Average acute exposures for 4 

thermal conditions are in line with building design standards focused on acceptable thermal 5 

conditions (ASHRAE, 2023b). 85% of acute CO2 exposures are below a commonly cited 6 

industry reference of 1,000 ppm (Persily, 2021) and most PM2.5 exposures are low (median value 7 

of 3 ug/m3). However, higher values of thermal conditions and air quality exposures exceed 8 

some thresholds in building design guidelines and standards and recommendations set for health 9 

considerations (ASHRAE, 2023a; CDC, 2023a, 2023b; United States Environmental Protection 10 

Agency, n.d.).  11 

  12 
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Table 2: Summary of one-hour average office conditions corresponding to an AUT response 1 
included in analysis. 2 

Variable Mean SD CV 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 

PM2.5 (ug/m3) 4.5 4.8 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 

 3 

Examining measured values of indoor thermal and air quality parameters by country 4 

reveals some differences, as shown in Appendix A. For indoor air quality, indoor CO2 exposures 5 

are comparable across countries, but PM2.5 concentrations are noticeably elevated in India 6 

compared to the three other countries included in analysis. With respect to indoor thermal 7 

conditions, indoor temperature is highest in Thailand and indoor RH is elevated in India. 8 

Calculated indoor enthalpy is distinct in each country with minimal overlap in the interquartile 9 

ranges across all four countries, with indoor enthalpy being highest in India, followed by 10 

Thailand, the UK, and the USA in decreasing order.  11 

3.3 Outcomes 12 

Calculated creativity scores indicate that on average, a participant will produce 13 

approximately nine valid uses (fluency mean ± SD of 9.4 ± 4.4), using two words per token 14 

response (elaboration mean ± SD of 2.1 ± 1.0), with six different use categories (flexibility mean 15 

± SD of 5.8 ± 2.5), and one original use category (originality mean ± SD of 1.6 ± 1.6). It has 16 

been suggested that all domains of divergent creative thinking increase with ideation, which 17 

implies that elaboration, flexibility, and originality should increase with fluency (Dumas & 18 
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Runco, 2018; Tanis et al., 2018). A Spearman Rank correlation matrix was used to assess this 1 

and revealed that fluency was positively correlated with flexibility and originality (Spearman 2 

Rank correlation coefficients of 0.68 and 0.37, respectively), but weakly and negatively 3 

correlated with elaboration (Spearman Rank correlation coefficient of -0.03).  4 

3.4 Modeled Associations 5 

Results from the mixed effect statistical models are presented below, first for indoor air 6 

quality and then for thermal parameters.  7 

3.4.1 Indoor Air Quality 8 

Exponentiated modeled effect estimates for the influence of CO2 and PM2.5 on the 9 

divergent creative thinking scores using both the minimally and fully adjusted models are 10 

presented in Table 3 below. There is directionally consistent evidence across all models that 11 

increases in acute indoor CO2 concentrations are associated with a decrease in all four divergent 12 

creative thinking scores. Using the estimates from the minimally adjusted models, a 100-ppm 13 

increase in acute indoor CO2 is associated with 3% (95% CI: 0-5%), 4% (95% CI: 1-6%), and 14 

11% (95% CI: 5-16%) negative difference in the expected fluency, flexibility, and originality 15 

count scores, respectively; and an 11% decrease (95% CI: 5-16%) in the expected elaboration 16 

score. The estimates reach statistical significance at the 0.05 alpha level for minimally adjusted 17 

and fully adjusted models for flexibility, originality, and elaboration scores; the results reach 18 

statistical significance at the 0.1 alpha level for the minimally adjusted model estimate for 19 

fluency. For PM2.5, the estimates are directionally consistent across all models where a 5 ug/m3 20 

increase in PM2.5 is associated with decreases in all four divergent creative thinking scores. 21 

However, none of the effect estimates for PM2.5 reach statistical significance at either the 0.05 or 22 

0.1 alpha levels. 23 
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Table 3: Summary of exponentiated effect estimates for indoor air quality parameters from 1 
minimally and fully adjusted models. Minimally adjusted models control for hourly averaged 2 
indoor CO2, PM2.5, temperature, and RH, and include participant-specific random effects. Fully 3 
adjusted models control for hourly averaged indoor CO2, PM2.5, temperature, and RH; first test 4 
response; time (using a natural spline with two degrees of freedom); and include participant-5 
specific random effects nested within building-specific random effects. 6 

 7 

3.4.2 Indoor Thermal Conditions 8 

Associations between indoor thermal conditions and divergent creative thinking were 9 

explored through a set of models using temperature and RH as independent variables and then 10 

through a set of models using calculated indoor enthalpy as a combined thermal parameter. 11 

Nonlinear associations between indoor thermal conditions and divergent creative thinking scores 12 

were observed and so plotted spline terms are presented below. Beginning with models using 13 

temperature and RH, Figure 2 shows that temperature appears to follow a non-linear association 14 

with all four divergent creative thinking scores. The association is comparable across all four 15 

scores and resembles a somewhat inverted U-shape where scores decrease at lower and higher 16 

temperatures and increase in the mid-temperature range included in this analysis. The curvature 17 
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is slightest for fluency, greater for flexibility, and then greatest for originality and elaboration. 1 

The modeled association between temperature and fluency is fairly flat in a wider temperature 2 

range of 22-26 ⁰C, suggesting consistent fluency scores in that temperature range. However, for 3 

the other three scores with stronger curvature, it appears that temperatures around 25-26 ⁰C are 4 

associated with the highest scores, followed by an associated decrease. The complementary 5 

modeled spline terms for RH from these models are presented in Figure 3 below. These figures 6 

show linear associations between RH and all four cognitive scores with increasing RH associated 7 

with decreases in fluency, flexibility, and originality scores, and increases with elaboration 8 

scores. Overall, the effect estimates are suggestive as one spline term for temperature and 9 

another for RH reach statistical significance at the 0.05 alpha level.  10 
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Figure 2: Associations between indoor temperature and divergent creative thinking scores using 11 
estimates from the minimally adjusted models. These minimally adjusted models control for CO2, 12 
PM2.5, temperature, RH, and a participant-specific random effect. Spline term reaches statistical 13 
significance at the 0.05 alpha level for Elaboration only. 14 
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Figure 3: Associations between indoor RH and divergent creative thinking scores using 1 
estimates from the minimally adjusted models. These minimally adjusted models control for CO2, 2 
PM2.5, temperature, RH, and a participant-specific random effect. Spline term reaches statistical 3 
significance at the 0.05 alpha level for Flexibility only. 4 

 5 

Moving on to the set of models that utilizes indoor enthalpy in place of temperature and 6 

RH, the plotted spline terms (presented in Appendix A) are mixed in terms of direction, linearity, 7 

and statistical significance. Increasing indoor enthalpy appears linearly associated with decreases 8 

in fluency scores and increases in originality and elaboration scores. For flexibility, there is a 9 

slight non-linear association with a breakpoint around 45 kJ/kg and decreases in flexibility at 10 

higher and lower enthalpy. Only one spline term for enthalpy reaches statistical significance at 11 

the 0.1 alpha level (p=0.06). Since the exposure data shows minimal overlap in enthalpy data and 12 

differences in RH among countries, the data was subset by country to explore country-specific 13 

associations. Using observations from the USA only, we observe directionally consistent 14 
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evidence that increasing indoor enthalpy (up to approximately 50 kJ/kg) is associated with 1 

increases in all four divergent creative thinking scores. Similarly, for the set of country-specific 2 

plots examining temperature and RH as separate independent variables, for the USA, increases in 3 

temperature (up to 26 ⁰C) are associated with increases in all four scores; the accompanying 4 

associations between RH (up to approximately 55%) and divergent creative thinking scores are 5 

fairly flat. The number of observations in the other countries limits the ability to examine within-6 

country associations. With 37 observations for the UK and thirty for India, we observe 7 

preliminary suggestive evidence of different associations, but the results are inconsistent and 8 

data too few for strong inferences. With only five observations available for India, no within-9 

country estimates can be generated with this dataset. 10 

4.0 Discussion 11 

This study provides evidence for how acute indoor air and thermal exposures associate 12 

with divergent creative thinking among knowledge workers in commercial office buildings. For 13 

indoor air quality, there is statistically strong and consistent evidence that higher concentrations 14 

of indoor CO2, as influenced by building ventilation and occupancy, are associated with 15 

decreases in divergent creative thinking scores. There is consistent, but suggestive evidence that 16 

higher indoor PM2.5 concentrations are associated with lower divergent creative thinking scores. 17 

For temperature, a non-linear association is observed where lower and higher temperatures are 18 

associated with lower divergent creative thinking scores. The complementary modeled 19 

associations for RH are mixed, as are the overall estimates for enthalpy. Overall, worse indoor 20 

air quality and lower and higher temperatures appear to be associated with lower divergent 21 

creative thinking, and the associations between indoor air moisture, modeled as either RH or as 22 

incorporated into enthalpy, appear inconclusive in this study. 23 
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When comparing these results to the literature, many consistent findings emerge. The 1 

strongest and clearest finding in this study is the association between CO2 and divergent creative 2 

thinking, which aligns with a strong and growing body of evidence demonstrating an association 3 

between indoor CO2, influenced by ventilation and occupancy, and cognitive performance. Past 4 

work has found lower concentrations of indoor CO2, achieved via ventilation and occupancy, to 5 

be associated with worse performance in a variety of cognitive tests, indoor settings, and 6 

domains, including arithmetic tests that assess cognitive speed and working memory (Cedeño 7 

Laurent et al., 2021; Young et al., 2024), the Stroop test that examines cognitive speed and 8 

inhibitory control (Cedeño Laurent et al., 2021; Young et al., 2024); an investigation of nine 9 

domains assessed in the Strategic Management Simulation software tool, which includes basic 10 

activity level, applied activity level, focused activity level, task orientation, crisis response, 11 

information seeking, information usage, breadth of approach, and strategy (Allen et al., 2016); 12 

the quality of chess moves among players at an indoor tournament (Künn et al., 2023); and the 13 

speed at which students completed numerical and language-based tasks (Wargocki & Wyon, 14 

2007). Although the body of literature is robust on the association between indoor CO2 and 15 

cognitive performance overall, few studies examine a creative cognitive domain. One study 16 

assessed fluency and originality using a different divergent creativity test (i.e., Serious Brick 17 

Play adapted from the LEGO Serious Play framework) and found higher levels of TVOCs to be 18 

associated with lower creativity scores among 92 adult participants in a simulated office 19 

environment over six week (Arikrishnan et al., 2023). Young et al. (2024) assessed convergent 20 

creative thinking (using the Compound Remote Associate Task, cRAT) among adult knowledge 21 

workers in work-from-home settings and found negative associations between home CO2 22 



24 
 

concentrations and convergent creative thinking scores; however these effect estimates were not 1 

statistically significant.   2 

The strong evidence of an association between the levels of CO2 observed in this study 3 

and creativity are particularly interesting since: 1) the CO2 concentrations in this study are low 4 

overall (75th percentile value of 861 ppm) relative to the range observed in other buildings and 5 

anticipated as a result of minimum ventilation standards (ASHRAE, 2022; Fisk, 2017; Fox, 6 

2023), and 2) creativity has often been thought of as a more inherent quality. Many researchers 7 

have found certain brain structures (e.g., distinct brain hemisphere sizes) (Moore et al., 2009) 8 

and DNA characteristics (e.g., specific gene clusters and duplicate DNA strands) (Kraus et al., 9 

2014; Ukkola-Vuoti et al., 2013) to be associated with higher creativity. Beyond biological 10 

characteristics, others have found that different mental conditions, such as bi-polar disorder 11 

(Kyaga et al., 2013), or trauma that causes changes to gene expression and functional brain 12 

changes can increase creativity (Levy-Gigi et al., 2013). Considering these inherent and 13 

substantial biological and mental conditions, it’s somewhat surprising that acute CO2 exposures 14 

show consistent and significant effects in this small dataset with a tight range of mainly low CO2 15 

exposure concentrations. The biological mechanisms that CO2 acts through on cognitive 16 

performance in general, let alone creativity, are unclear. Higher levels of CO2 in the environment 17 

are inhaled into the lungs and then absorbed into the bloodstream, resulting in higher blood 18 

levels of CO2, which has been shown to cause inflammation, drowsiness/fatigue, and dizziness 19 

(Widmaier et al., 2018), all of which, could reduce the divergent creative thinking scores we 20 

observed. Others have noted various lifestyle behaviors, such as regular exercise (Blanchette et 21 

al., 2005; Steinberg et al., 1997), good sleep (Lewis et al., 2018; Ritter et al., 2012), and a 22 

healthy diet (e.g., high fiber consumption and low sugar consumption) (Hassevoort et al., 2020) 23 
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to promote creativity. It’s possible that these behaviors help with alertness and reducing 1 

inflammation, similar to hypothesized processes CO2 may be acting through. However, it is 2 

unclear if the observed associations are due to a direct effect of low concentrations of CO2 on 3 

creative processes, or an indirect effect via other air pollutants that vary with CO2 and could 4 

influence creative cognitive performance. It is possible that there are other mechanisms at play 5 

from unmeasured pollutants that vary with CO2, in addition to those from higher CO2 exposures. 6 

Evidently there are both inherent biological and genetic factors associated with creativity, in 7 

addition to dynamic, daily lifestyle factors and behaviors. While some individuals are inherently 8 

more creative than others, our use of participant-specific random effects in the models accounts 9 

for some of this variation, and so despite the remaining unknowns in mechanism, the strong 10 

evidence for CO2 suggests that acute CO2 exposures are another modifiable factor associated 11 

with creativity. 12 

Moving on to PM2.5, the lack of statistically significant findings between PM2.5 and 13 

divergent creative thinking scores aligns with past work that only found statistically significant 14 

evidence between acute indoor PM2.5 concentrations and cognitive performance metrics at PM2.5 15 

concentrations above 12 ug/m3 and not below (Cedeño Laurent et al., 2021). The 95th percentile 16 

PM2.5 value in this analysis dataset is 12 ug/m3 and so it is not surprising that we find only 17 

suggestive, but consistent, evidence of lower PM2.5 concentrations being associated with 18 

improved divergent creative thinking scores. Other past studies have also found statistically 19 

significant decreases in cognitive performance metrics to be associated with elevated PM2.5, 20 

using both experimentally elevated indoor concentrations (Shehab & Pope, 2019; Zhou et al., 21 

2023) and longer-term spatially averaged outdoor concentrations (Ailshire & Crimmins, 2014; 22 

Gao et al., 2021; Wang et al., 2020), all of which examined larger ranges and higher comparative 23 
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PM2.5 concentrations than those in this study. These findings of impaired short-term cognitive 1 

performance and faster longer term cognitive decline with higher PM2.5 concentrations (Weuve, 2 

2012) are further supported by evidence of biological mechanisms that PM2.5 acts through to 3 

impact cognitive outcomes. Higher concentrations of PM2.5 have been associated with brain 4 

inflammation and markers of neurodegeneration (Ailshire & Crimmins, 2014; Calderón-5 

Garcidueñas et al., 2012) and inhaled fine particles have a direct route to the brain via the 6 

olfactory route (You et al., 2022). Moreover, higher-powered studies examining physiologic 7 

health outcomes (e.g., cardiovascular and respiratory hospitalizations) have used causal methods 8 

to find an association between increases in ambient PM2.5 concentrations and increases in ill-9 

health, even at PM2.5 concentrations below a 12 ug/m3 ambient threshold, suggesting no 10 

threshold between PM2.5 concentrations and worsening health (Makar et al., 2017; 11 

Papadogeorgou & Dominici, 2020; Sun et al., 2024). Considering the evidence of PM2.5-induced 12 

health effects at low exposure concentrations, it’s likely that the suggestive evidence of an 13 

association between PM2.5 and divergent creative thinking is due to the direct olfactory route of 14 

PM2.5 to the brain and the substantiated biological mechanisms. The low exposure 15 

concentrations, dose, statistical power, and sensor accuracy limit the strength and statistical 16 

significance of the estimated effect in this study. 17 

Moving on to the thermal results, there is consistent evidence of an association for 18 

temperature. The non-linear associations between temperature and divergent creative thinking 19 

scores are similar to the inverted U and extended U or Maximum Adaptability Model (MAM), 20 

detailed in past works (Seppänen et al., 2006; F. Zhang et al., 2019). For flexibility and 21 

originality scores, the associations appear somewhat similar to the inverted U-model, albeit with 22 

a higher temperature of around 25-26 ⁰C being associated with the highest scores, as opposed to 23 
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the 22⁰ C temperature widely adopted by Seppanen et al.’s original model based on non-creative, 1 

objective measures of cognitive performance (e.g., text processing, simple arithmetic, length of 2 

phone interactions) (Seppänen et al., 2006). For fluency and originality, a wider range of 3 

temperatures, spanning roughly 22-26 ⁰C appear to be associated with consistently higher scores, 4 

which follows more of the extended U or MAM that suggests human physiologic and adaptation 5 

is possible within a normative range of temperatures to remain comfortable and productive (F. 6 

Zhang et al., 2019). This agrees with past work that has found decreases in cognitive 7 

performance at elevated temperatures during a heatwave (Cedeño Laurent et al., 2018), and at 27 8 

⁰C compared to 23 ⁰C, even when thermal comfort is maintained by clothing adjustment, (Lan et 9 

al., 2020). A recent study of adult knowledge workers in work-from-home settings found non-10 

linear associations between heat index (calculated using temperature and RH) and various 11 

cognitive scores, with a breakpoint (either leveling off or decreasing) around a heat index value 12 

of roughly 25 ⁰C (Young et al., 2024). While this evidence suggests an upper temperature of 13 

around 25-26 ⁰C before decreases in performance are observed, this temperature will likely vary 14 

based on population and setting. For example, past work has found no “optimal” temperature 15 

when applying various thermal models to large datasets (Porras-Salazar et al., 2021), and thermal 16 

preferences are thought to be highly personal, and vary based on many dynamic and individual 17 

factors (Abdelrahman et al., 2022; Carlucci et al., 2018; Heschong, 1979; Kim et al., 2018; 18 

Kosonen & Tan, 2004). Moreover, some level of thermoregulation and adaptation is possible 19 

through vasodilation, sweating, and other physiologic cooling mechanisms with the environment, 20 

which can help extend the range of thermal conditions individuals can be exposed to before there 21 

are appreciable impairments in performance (Cedeño Laurent et al., 2021; Kong et al., 2019; F. 22 

Zhang et al., 2019). Eventually though, temperatures that are too high or low can result in 23 
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physiologic changes associated with increased stress, such as increased skin temperature and 1 

humidity, respiration rate, and heart rate; lower blood oxygen saturation and pNN50, a marker of 2 

heart rate variability; and changes to deep core and brain temperatures, which have been noted to 3 

impair cognitive processes (Abbasi et al., 2019; Khan et al., 2021; Lan et al., 2022; F. Zhang et 4 

al., 2019). The temperatures in this analysis are not extreme, but initial evidence of lower 5 

creative thinking scores is observed at the lower and higher temperatures, while a mid-range of 6 

roughly 22-26 °C appears to support creative thinking. 7 

Moving on to indoor moisture, the complementary RH splines and enthalpy plots show 8 

inconsistent results, which suggests that the influence of indoor moisture is less clear. While a 9 

temperature range of 22-26 ⁰C in this study is found to support divergent creative thinking 10 

scores, the complementary indoor moisture levels remain to be known. The country-specific 11 

investigation shows consistent evidence for the USA where higher values of enthalpy are 12 

associated with increased cognitive scores, which is similar to the findings in a classrooms-based 13 

study in the USA (Dedesko et al., in review). However, the range of temperature, RH, and 14 

calculated enthalpy exposures for the USA in this study and the similar results from Dedesko et 15 

al. (in review) span roughly the left half of the inverted U-shaped association. Although higher 16 

values of temperature and enthalpy, representing a combination of temperature and moisture, 17 

appear to promote performance to a point, we had insufficient country-specific data for Thailand, 18 

India, and the UK to investigate how these associations might differ by country in different 19 

thermal exposure ranges. Past work has found differences in associations between indoor 20 

moisture and cognitive performance and comfort based on temperature and climate, sex assigned 21 

at birth, and other factors (Son et al., 2024; Tian et al., 2021); ideally future studies would have 22 

larger datasets to help elucidate the associations between indoor moisture, expressed either as 23 
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RH or as a combined metric using enthalpy, and cognitive outcomes, and how these associations 1 

might differ by factors, such as country and sex assigned at birth. This information could help 2 

further our understanding of the mechanisms and associations between indoor moisture, ideally 3 

coupled with temperature and expressed through a combined metric, such as enthalpy, and 4 

occupant outcomes.  5 

In addition to constructing both the minimally adjusted and fully adjusted sets of models, 6 

multiple sensitivity analyses were conducted to help assess the robustness of the model 7 

estimates. Using the minimally adjusted models as the base comparative set, additional models 8 

were constructed using varying incorporations of nested random effects, including participant 9 

ID, nested within building ID; and then also participant ID, nested within building ID, nested 10 

within country, to account for repeated measures and potential clustering. Results from models 11 

with both levels of nested random effects remained consistent with those from the base 12 

minimally adjusted models. Since we could not examine country-specific associations for 13 

Thailand due to limited data, we re-ran the minimally adjusted models with the five observations 14 

from Thai participants excluded and observed no appreciable changes in the model estimates. 15 

Next, we focused on a missing data analysis. Since 231 observations were removed from the 16 

analysis dataset due to missing environmental monitor data, we endeavored to replace as many 17 

of these missing indoor exposure conditions as possible to obtain a larger dataset for analysis. 18 

When available, missing exposure data were replaced with data from a sensor within the same 19 

building for the corresponding hour prior to completing the AUT test. For buildings with more 20 

than one available sensor, measurements from the sensor with the highest correlation with 21 

measurements from the missing sensor, when available over the larger study period beyond AUT 22 

data collection, were selected. This provided an additional 56 observations for analysis, bringing 23 
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the total for this enlarged dataset to 251 observations from 105 participants. The results between 1 

minimally adjusted models using the main and enlarged analysis datasets are similar. Notably, 2 

the enlarged dataset includes a larger range of indoor temperatures (~20-30 ⁰C) and a more 3 

noticeable decline in divergent creative thinking scores is observed from the 26-30 ⁰C range, 4 

further strengthening the evidence for declines in performance above 26 ⁰C in this study. For 5 

enthalpy splines modeled with the enlarged dataset, we observe some changes to the shape of 6 

association, with roughly 45 kJ/kg possibly representing a combined value of temperature and 7 

moisture that could promote fluency and flexibility scores; however, country-specific 8 

associations remain an important unknown consideration here. Corresponding plots of the 9 

temperature and enthalpy splines from these models are provided in Appendix A. Finally, 10 

potential combined effects of indoor air quality parameters were investigated by incorporating 11 

interaction terms between CO2 and PM2.5 concentrations. Effect estimates for the interaction 12 

terms did not reach statistical significance and were effectively null in this analysis dataset, but 13 

could be explored in other scenarios with higher air pollutant concentrations where interactive 14 

effects could occur. 15 

Despite the study design, robust statistical methods, and sensitivity analyses, there remain 16 

several limitations. First, the final AUT analysis dataset is small at 195 observations and consists 17 

of low levels of CO2 and PM2.5. This limits the statistical power overall and ability to examine 18 

associations within specific countries. Next, despite recruiting participants from six countries, the 19 

participants in the final analysis dataset are predominantly Asian and White, in their twenties and 20 

thirties, and have high levels of education, which is not representative of all working populations 21 

and limits the generalizability of these findings. With respect to the exposure data, although this 22 

analysis includes localized indoor air and thermal conditions, the parameters are not 23 
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comprehensive. Our assessment does not include other potentially important air pollutants, such 1 

as volatile organic compounds (Allen et al., 2016; Arikrishnan et al., 2023), or the full suite of 2 

indoor environmental parameters related to the human-environmental heat balance, including 3 

mean radiant temperature and air speed (André et al., 2024; ASHRAE, 2023b; Cedeño Laurent et 4 

al., 2021; Cen et al., 2024; d’Ambrosio Alfano et al., 2019), which could be potentially important 5 

to the findings, but were not feasible to assess in this geographically large and varied study, but 6 

would be useful to assess in future studies where feasible. Furthermore, the accuracy of the 7 

sensors themselves introduces uncertainty, which is of particular concern with respect to PM2.5 as 8 

most hourly averaged concentrations fall within the maximum reported measurement 9 

uncertainty. This uncertainty is bi-directional and the exact magnitude is unknown, but it is 10 

another factor that limits the ability to assess associations with PM2.5 in this work. Ideally, more 11 

accurate PM2.5 sensors that have become available since the time of these measurements could be 12 

used in future investigations to overcome this issue and improve the ability to investigate 13 

associations between PM2.5 and creativity scores. The variation in type of installed sensors 14 

introduces variability among measurements in terms of performance specifications. However, 15 

these variations are minor, as all sensor types used have similar performance characteristics and 16 

introduced uncertainty is comparable across sensor types. Furthermore, since the sensor accuracy 17 

is bi-directional, exposures are continuous, and measurements are not influenced by the AUT 18 

responses, the resulting potential bias introduced to the modeled associations is towards the null, 19 

which means that the estimated effect estimates might be reduced compared to the true, unbiased 20 

effects. A final challenge with the exposure assessment is the quantity of missing exposure data, 21 

which resulted in the exclusion of many observations from this analysis and reduced the power 22 

to detect statistically significant effects. Ideally advancements in sensor technology and 23 
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communication protocols since the time of data collection in this study would help to overcome 1 

these issues in future work. 2 

Moving on to the outcome measure, many challenges stem from the AUT test itself and 3 

the lack of a standardized/consistent approach to scoring the raw measurements (Stevenson et al., 4 

2020; Tanis et al., 2018). We attempted to overcome these issues by reviewing the literature and 5 

devising a scoring protocol that promotes an unbiased standardized process and minimizes 6 

subjectivity and potential biases. The cleaning and scoring exercise was: 1) done in an entirely 7 

blinded manner (participant information was anonymized and exposure data was not included), 8 

2) conducted with two cleaners/scorers and one additional reviewer for consistency, 3) 9 

conducted in an objective automated process when possible (calculating fluency and elaboration 10 

scores with code), and 4) followed a standardized protocol to develop and assign use categories, 11 

thus making the manually assigned scores (flexibility and originality) more objective and less 12 

subject to bias. Despite these efforts, a degree of subjectivity remains in these scores due to the 13 

manual nature of the scoring process, in addition to other inherent limitations with the AUT and 14 

entailed scoring. Others have noted challenges with scoring AUT responses, including the 15 

influence of sample size on the scores (e.g., increasing sample size reduces the probability of 16 

generating original ideas) (Stevenson et al., 2020), a lack of clear instructions potentially causing 17 

different responses (e.g., participants were not instructed to respond in a terse or detailed manner, 18 

so elaboration could be a more individual stylist metric than an indication of creativity) (Yin et 19 

al., 2019), and lack of account for the usefulness and/or appropriateness of responses, defined in 20 

other studies of creativity using assessments other than the AUT as “quality” (Haase et al., 21 

2023), which could allow participants to increase their fluency scores with minor modifications 22 

to proposed uses. Moreover, there is thought that domain familiarity, subject matter expertise, 23 
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background, and lived experience could influence both the responses and scoring to AUT 1 

prompts (Alhashim et al., 2020). This could result in differences across populations, particularly 2 

in our study when interpreting different languages, or even among responses from a single 3 

individual, based on the different prompts and their familiarity/lived experience (Richardson et 4 

al., 2018; Rogers et al., 2023). Future work should look to clarify test instructions, systematize 5 

the number of prompts with sample size, include scorers with diverse backgrounds, and explore 6 

the incorporation of a usefulness/quality metric into the responses. To further overcome such 7 

issues, we explored the use of more objective scoring procedures such automated sentiment 8 

analysis (Gaspar & Alexandre, 2019), semantic distance analysis (Hass, 2017), and machine 9 

learning approaches (Stevenson et al., 2020), but these were not feasible for use in our scoring 10 

approach at the time of assessment (2021). New developments in such approaches, including 11 

supervised and unsupervised learning methods (Buczak et al., 2023) and an open platform for 12 

computing semantic distances (Beaty & Johnson, 2021), have become available and could be 13 

explored for use in future work.  14 

Despite these limitations, our study includes many strengths related to design, AUT 15 

scoring method, and analysis techniques, which helps to overcome many of these limitations. 16 

This work provides new information for the associations between indoor air and thermal 17 

conditions and divergent creative thinking scores, a sparsely studied cognitive outcome that is 18 

more challenging and time intensive to score than other objective cognitive tests and measures. 19 

In addition to the modeled associations, this work also outlines a scoring protocol for the AUT in 20 

addition to newly developed scoring resources that other researchers can utilize. Ideally, future 21 

studies would extend this work by collecting larger datasets in additional environmental settings 22 

to explore potential differences in modeled associations, particularly with respect to thermal 23 
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parameters, to better understand the influence of indoor moisture and the collective range in 1 

which thermal conditions can be adjusted to before there is no appreciable impact on cognitive 2 

outcomes and how this range might differ by populations, geographies, and over time with 3 

adaptation and acclimatization effects.  4 

5.0 Conclusion 5 

In this analysis of 86 adult knowledge worker participants across four countries, we 6 

observed that better indoor air quality is associated with improved cognitive performance, 7 

specifically for a creative cognitive domain. Statistically strong and consistent evidence shows 8 

that higher concentrations of indoor CO2, as influenced by ventilation and occupancy, are 9 

associated with lower divergent creative thinking scores. For PM2.5, the results are limited due to 10 

low sensor accuracy, and statistically significant effects are not expected in this low 11 

concentration range; however there is consistent, suggestive evidence that lower concentrations 12 

of indoor PM2.5 are associated with improved divergent creative thinking. For thermal 13 

conditions, there is evidence of an extended U relationship or MAM applying, where a 14 

temperature range of roughly 22-26 ⁰C is associated with fairly stable divergent creative thinking 15 

scores, with decreases in temperatures beyond this range. The results for RH, as a 16 

complementary independent variable to temperature, and as enthalpy, a combined temperature 17 

and moisture variable, are mixed. There is preliminary evidence that these associations may vary 18 

by country, but this analysis dataset was too small and underpowered to investigate this more 19 

thoroughly. While there is still research to be done to further understand the associations 20 

between different indoor air pollutants and creative thinking, and also thermal conditions, 21 

particularly with respect to indoor moisture, and cognitive performance, and how these 22 

associations may vary by individual, population, and geographic factors, this study adds to the 23 
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body of literature that indoor air quality and thermal conditions influence cognitive performance, 1 

including creative domains. Work environments where creative thinking is important should look 2 

to prioritize outdoor air ventilation rates and maintain indoor temperatures within a reasonable 3 

range, albeit with some flexibility, which could help balance operational and energy 4 

considerations with promoting knowledge worker performance.   5 
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