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Abstract. Existing studies in the field of indoor environmental quality (IEQ) have relied on a limited set of 
objective performance metrics, including call handling time, keystrokes, and cognitive performance tests, to 
represent office worker performance. However, these metrics may capture narrow and task-specific aspects of 
performance and may not represent the broader, multi-faceted nature of office work. This study assessed the 
applicability of such objective metrics by surveying office workers on whether and to what extend these metrics 
are relevant to their work and how much of their office work can be quantitatively measured. A total of 387 
survey responses from a variety of occupations were analyzed and we found significant variability in the 
relevance of some performance metrics across occupations (e.g., call handling time, attention and concentration, 
executive functioning, language skills, and processing speed) through analysis of variance (ANOVA). The 
results indicate the heterogeneity of office work and the difficulty in developing a universal office worker 
performance prediction model applicable to all types of office workers. This study sheds light on the needs of 
adaptability in office worker performance data analyses and interpretations and paves the way for customized 
performance prediction models with respect to IEQ, specific to occupation types or individuals. 

Keywords. Office Worker Performance, Indoor Environmental Quality, Performance Evaluation Metrics, 
Applicability Assessment

1 Introduction 
The idea that indoor environmental quality (IEQ) 
influences office workers’ performance has been around 
for more than a century, with numerous studies 
subsequently investigating its diverse effects on different 
dimensions of performance. To date, studies have utilized 
various metrics to assess performance, including call 
handling time among center representatives [1], [2], [3], 
[4], [5], keystroke activity [6], [7] and results from 
cognitive performance tests [8], [9], [10], which are 
considered objective indicators. These metrics are 
typically quantitative and relatively viable to capture, 
making them practical proxies for assessing the effects of 
IEQ on work-related outcomes. However, these metrics 
are limited in their scopes, as they only capture narrow 
aspects of performance – often task-specific measures or 
isolated components of cognitive function – and may not 
reflect the broader, multifaceted nature of human 
performance, including factors such as creativity, 
complex problem-solving, communication, and emotional 
resilience. 

This limited spectrum of objective office worker 
performance metrics presents a challenge of the IEQ field, 
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as the nature of office work spans from repetitive, task-
based activities to complex, knowledge-oriented tasks 
[11], and organizations and teams often prioritize different 
competencies among office workers [12]. In recent years, 
self-assessed performance metrics have been increasingly 
adopted, as demonstrated in [13], owing to the belief that 
workers may have a more accurate understanding of their 
own performance when assessed subjectively. This shift 
highlights the inherent difficulty in objectively 
quantifying office workers’ performance, especially in 
knowledge-intensive roles where output is less tangible 
and harder to standardize than in procedural, methodical, 
and routine-based tasks. However, subjective measures 
come with notable limitations. They are susceptible to 
individual biases and social desirability effects [14] – 
where individuals tend to respond to self-assessment in a 
manner that they believe will be viewed favorably by 
others – which can compromise the accuracy and 
consistency of the data. Moreover, self-assessments may 
lack standardization across respondents, making it 
difficult to compare results objectively or replicate 
findings across different studies and contexts. 

The goal of this study is to evaluate existing objective 
performance metrics for office workers that are commonly 
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used in the field of IEQ research, with a focus on assessing 
their suitability and relevance for quantifying office 
workers’ performance in varying IEQ conditions. We 
specifically seek to answer two research questions (RQs). 

RQ 1. To what extent do actual office workers believe 
that their work performance can be objectively 
quantified?  

RQ 2. To what extent can the objective performance 
metrics used in IEQ field actually represent 
actual office workers’ performance? 

 We developed a survey to address these RQs in a 
systematic manner. Then, this survey was distributed after 
institutional review board (IRB) approval from the 
University of Arizona (STUDY00003041). This research 
shares the results of this survey and discusses their 
implications for the field of IEQ-based office work 
performance assessment. We firmly believe that this effort 
offers a novel approach to understanding office worker 
performance in relation to IEQ conditions.  

This study did not consider any subjective metrics 
such as self-reported work performance. Also, for the 
purpose of this research, the term ‘objective’ for metrics 
was used in contrast to ‘subjective’ to describe metrics 
that were externally observable and quantifiable.  

 This paper is structured as follows. In Section 2, we 
elaborate on the survey development and distribution. In 
Section 3, the survey results and their meaning are 
presented. The fourth section discusses the key takeaways 
and limitations of this study and shares the remaining 
work in this IEQ field. The last section is the conclusion 
of this study, including future research direction. 

2 Methodology 

2.1 Survey Development and Distribution 

2.1.1 Synthesis of objective office work performance 
metrics 

To identify existing office worker performance metrics in 
the literature, an extensive search was conducted. Articles 
were retrieved using the following keywords in Google 
Scholar and Web of Science: office, office environment, 
office worker, office work, productivity, performance, 
indoor environmental quality, indoor air quality, air 
temperature, humidity, CO2, cognitive performance, 
buildings, and built environments. Each article’s abstract 
was then reviewed to determine whether it reported any 
office worker performance data. Also, the authors’ Google 
Scholar profiles were thoroughly examined to ensure a 
comprehensive inclusion of relevant publications. The 
following criteria were established to guide this process. 

• The term ‘productivity’ was often used in field 
studies, and ‘performance’ was frequently used 

for cognitive performance tests. Therefore, both 
terms were our interest. 

• When there was no clear IEQ modification, such 
studies were excluded (e.g., [15]). 

Table 1. Cognitive performance tests used in existing studies 
of interest 

Name Description 

Typewriting Participants are asked to retype the texts 
presented in a display 

Numerical 
calculation 

Participants are asked to calculate the 
numbers from one to three digits (e.g., 

addition) 

Memory test 
After presenting a set of words, 

participants should sort them out from a 
large group of words [16]. 

Cue-utilization 
test or event 
sequencing 

Subjects are asked to link circles 
containing letters or numbers, placed at 

random, in order [17]. 

Reaction/ 
response 

A small dot at the center of the 
oscilloscope moves up or down. 

Participants are asked to detect the 
occurrence and discriminate between 

long and short signals. 

Search Detect the presence of letters, symbols, 
etc., as quickly as possible. 

Overlapping 

Geographic shapes (e.g., triangular) are 
randomly fallen onto one on top of the 
other. Participants number the figures 
according to their position in a pile. 

Sentence 
comprehension 

Participants are asked to mark a set of 
sentences as true of false through 

grammatical reasoning 

Proofreading Subjects are asked to identify misspelled 
words in sentences. 

Reasoning 
Participants are asked to rearrange 

numbers, alphabets, etc., presented at a 
random order, in order. 

Sudoku 
A puzzle that requires numerical 

reasoning to fill out the numbers in a 9×9 
grid 

Hand-eye 
coordination 

A tracking test that participants should 
follow and copy the motion of a dot or 

wave in a display. 

Stroop test Participants are asked to report the color 
of a target word [18]. 

Finger tapping Tapping a key as quickly as possible for a 
certain time. 

 We identified two types of objective office worker 
performance metrics: direct (objective metrics that 
measure work output directly) and indirect (those that 
relied on proxy indicators like cognitive performance tests 
to infer performance levels). Most direct performance 
measurements were from studies focusing on call 
handling times by call center representatives [1], [2], [3], 
[4], [5] with a few additional examples based on 
keystrokes from programmers [6], [7]. Indirect 

 
 

 

performance metrics – namely, cognitive performance 
tests – were employed in various studies to assess aspects 
of mental functioning, as synthesized in Table 1. These 
tests were designed to capture a range of cognitive 
abilities through outputs such as response time (time to 
complete fast-paced cognitive exercise), speed, and 
accuracy (or error rates) [15]. 

2.1.2 Survey development and distribution 

With the metrics synthesized through literature review, a 
survey was developed. First, we asked respondents to 
identify their occupation using categories defined by the 
U.S. Bureau of Labor Statistics [19]. Participants were 
provided a link to review definitions for each occupation. 
Next, we inquired about the quantitative nature of their 
work and its perceived relevance to the synthesized 
performance metrics. Asking participants to evaluate the 
relevance of every individual test’ result metric was 
deemed impractical, as it would have overwhelmed them 
with excessive information. Instead, broader domains of 
cognitive function (Table 2) – representative of the 
synthesized cognitive performance metrics – were used as 
proxies and they reflect a continuum of cognitive abilities 
ranging from basic sensory and perceptual processes to 
more complex executive functions that regulate, 
coordinate, and integrate these foundational processes. 

Table 2. Domains of cognitive ability [20] 

Cognitive 
ability Description 

Attention and 
concentration 

Humans are capable of processing 
information based on relevance and 

importance (attention) and have the ability 
to sustain attention over time 

(concentration) 

Memory 

Humans are capable of maintaining and 
manipulating information in their 

consciousness. This cognitive function 
contains encoding (processing information 
for long-term storage), storing (retention of 

information), and retrieving. 

Language 
skills 

Language skills include receptive and 
productive abilities related to language, 
such as assessing semantic memory and 

identifying the names of objects 

Sensation and 
perception 

Sensation refers to the ability to detect a 
stimulus through five sensory modalities, 

and perception is the function of 
identifying a meaningful stimulus 

Executive 
functioning 

This function manifests control over other 
cognitive abilities to perform complex 

tasks (e.g., problem-solving) 
Processing 

speed 
This domain refers to the speed required to 

perform a task 

Motor skills 
Motor skills refer to basic elements of 

motor activity such as manual dexterity 
and motor speed 

 We implemented the questionnaires with Qualtrics’ 
platform and distributed the survey in Oct, 2023 utilizing 
the LinkedIn post and emails to the authors’ professional 
network. This participant recruitment process is intended 
for convenience sampling to maximize the sampling size 
in our data analysis. To confirm the applicability of the 
potential survey participants, we clearly stated that you are 
welcome to take the provided survey if you work in an 
office environment. 

2.1.3 Survey Response 

The online survey was open for seven days, and a total of 
434 responses were received initially. After the exclusion 
process (e.g., dropping incomplete responses), a total of 
387 responses remained to be analyzed in this study. 
Figure 1 presents the occupations of the respondents 
surveyed in this study. A variety of occupations were 
included in this survey, reflecting the diversity of 
contemporary office environments. These ranged from 
administrative and clerical roles to managerial, technical, 
and creative positions. This diversity allowed for a more 
holistic understanding of how different types of work may 
influence or interact with performance metrics in the 
context of varying indoor environmental conditions. 

 
Figure 1. Distribution of Occupations among Survey 
Participants 

2.2 Survey Analysis Method 

This subsection elucidates the methodology employed in 
analyzing the survey data, highlighting the inclusion 
criteria for responses and the statistical techniques 
applied. Firstly, responses that were incomplete were 
excluded from the analysis. Also, to ensure the statistical 
validity of the results, a minimum response count of 20 for 
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each occupation was set as a threshold for inclusion in the 
results. We decided this specific threshold given (1) the 
descriptive and inferential statistics and (2) the inclusion 
of diverse occupations in our analyses. This approach 
aligns with recommendations by [21], who emphasizes 
the importance of adequate sample size in providing 
reliable statistical results and reducing the likelihood of 
errors.  
 The foundation of the analysis was laid with 
descriptive statistics, which provided a preliminary 
overview of the survey results. Key statistical measures 
including means and standard deviations were computed, 
offering an initial understanding of the data distribution 
and central tendencies. To further explore the 
representativeness and similarity of office work across 
various occupations, a one-way Analysis of Variance 
(ANOVA) [22] was conducted with occupation as the 
independent variable, at a significance level of 𝛼𝛼 = 0.05. 
ANOVA is generally robust to moderate violations of 
normality and homogeneity of variance when group 
sample sizes are sufficiently large, which is the case in this 
study with a total of 387 responses. The primary purpose 
of the ANOVA was to decide whether occupation-level 
differences exist in the perceived relevance of each 
performance metric, rather than to identify specific 
pairwise differences between occupations. As such, the 
interpretation focuses on the overall F-statistics and their 
associated p-values. 

3 Results 

3.1 Point of View Toward Performance Quantification 
of Office Work 

Overall, respondents said that approximately 39.77% of 
their office work could be quantitatively measured, with a 
relatively large standard deviation of 24.10%, 
highlighting the diversity of perspectives on this topic 
(Figure 2). Reception and Finance professionals reported 
higher mean scores of 48.46%. In contrast, Administration 
and Human Resources positions reported the lowest mean 
values of 33.33% and 33.86%, respectively. This variation 
could be attributed to the differing nature of tasks across 
roles, where some involve more structured, outcome-
driven activities, while others rely on interpersonal or 
process-oriented responsibilities that are harder to 
quantify. Another key takeaway is that the standard 
deviation within each occupation ranged from 18.21% to 
29.98%, demonstrating a significant variation in 
perceptions of quantifiability even among individuals in 
the same field. 
 We probed into the reasons why certain tasks of office 
work are perceived as difficult to quantify (Figure 3). The 
challenge most frequently mentioned by respondents was 
the subjective nature of many office tasks. The second 
most cited reason was the non-linear progression of work. 
The complexity of tasks and their resistance to numerical 
measurement was also highlighted as a concern. The 

survey included an open-ended question seeking to know 
the reasons why office work cannot be quantitatively 
measured. Only one response to the open-ended question 
was received, which stated that, “Something that takes 3 
hours for me one day can take 1 hour for me. For some the 
task might take five hours and for some it could take 10 
minutes. The only metric I can think of is time devoted, 
and this is not a great metric.” The respondent’s 
observation that the time it takes to complete the same task 
can vary significantly, even for the same individual, is a 
crucial insight. 

 
Figure 2. Quantifiable work portions for each office 
occupation 

 
Figure 3. Responses to the question why your office work 
cannot be quantitatively measurable. 

 
 

 

3.2  Representativeness of Existing Office Worker 
Performance Metrics 

With regard to direct office worker performance metrics, 
the average rating for similarity to keystrokes on a scale 
of 0 to 10 was 6.90, with a standard deviation of 1.96. This 
suggests that participants perceived their office tasks as 
somewhat similar to the keystroke metric, reflecting the 
importance of computer and typing tasks in their roles. 
Call handling times received a slightly lower mean rating 
of 6.50, with a standard deviation of 2.20. The higher 
standard deviation in this case indicates greater variability 
in participants’ perceptions, lightly due to differences in 
task types and communication demands depending on 
individual job functions.  

As in Table 3, a one-way ANOVA with occupation as 
the independent variable showed an F = 0.97, p = 0.47, 
indicating that there were no statistically significant 
differences between the occupations in their perceived 
similarity to programmers’ keystrokes. For the metric of 
call handling time, the F-value was 3.81 with a p-value < 
0.001. This suggests that the extent to which respondents’ 
work relates to call handling time significantly varies 
among different roles. 

Table 3. ANOVA results for office worker performance 
metrics by occupation 

# Index Degree of 
Freedom F score P value 

1 Call handling 
times 10 3.81 0.70× 𝑒𝑒!" 

2 Keystrokes 10 0.97 0.47 

Light yellow background: Statistically significantly different 

 
Figure 4. Importance ratings of cognitive abilities to office 
workers 

 Regarding the perceived importance of various 
cognitive abilities in office work, the results are presented 

in Figure 4.  The descriptive statistics show that Executive 
Functioning was considered the most important cognitive 
ability. The other abilities (Processing speed, Attention 
and concentration, and Language skills, Memory, 
Sensation and perception, and Motor skills and 
construction) all scored between 6.67 and 6.88, suggesting 
a somewhat significant perceived relevance in office 
settings. 

Figure 5 provides a breakdown of the mean values of 
cognitive abilities by occupation, revealing notable 
variations across different roles. There were positions 
with very big circles across the board (management and 
finance) and small circles (bookkeeping, coordinator, and 
communication). In contrast, there were the ones that have 
uneven circles: attention stands out for analyst, executive 
function for coordinator, general clerk, human resources, 
language is low for reception, and language, attention, 
executive function, and memory are all high for scientists, 
but the rest are low. 

 
Figure 5. Mean values of importance of cognitive abilities by 
occupation 

Table 4. ANOVA of cognitive abilities by occupation 

# Cognitive 
Abilities 

Degree of 
Freedom F score P value 

1 Sensation and 
perception 10 1.14 0.33 

2 Motor skills and 
construction 10 0.78 0.64 

3 Attention and 
concentration 10 2.03 2.92× 𝑒𝑒!# 

4 Memory 10 1.64 0.09 

5 Executive 
functioning 10 2.85 1.95× 𝑒𝑒!$ 

6 Processing 
speed 10 2.34 1.10× 𝑒𝑒!# 

7 Language skills 10 1.95 3.82× 𝑒𝑒!# 
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suggests that participants perceived their office tasks as 
somewhat similar to the keystroke metric, reflecting the 
importance of computer and typing tasks in their roles. 
Call handling times received a slightly lower mean rating 
of 6.50, with a standard deviation of 2.20. The higher 
standard deviation in this case indicates greater variability 
in participants’ perceptions, lightly due to differences in 
task types and communication demands depending on 
individual job functions.  

As in Table 3, a one-way ANOVA with occupation as 
the independent variable showed an F = 0.97, p = 0.47, 
indicating that there were no statistically significant 
differences between the occupations in their perceived 
similarity to programmers’ keystrokes. For the metric of 
call handling time, the F-value was 3.81 with a p-value < 
0.001. This suggests that the extent to which respondents’ 
work relates to call handling time significantly varies 
among different roles. 

Table 3. ANOVA results for office worker performance 
metrics by occupation 

# Index Degree of 
Freedom F score P value 

1 Call handling 
times 10 3.81 0.70× 𝑒𝑒!" 

2 Keystrokes 10 0.97 0.47 

Light yellow background: Statistically significantly different 

 
Figure 4. Importance ratings of cognitive abilities to office 
workers 

 Regarding the perceived importance of various 
cognitive abilities in office work, the results are presented 

in Figure 4.  The descriptive statistics show that Executive 
Functioning was considered the most important cognitive 
ability. The other abilities (Processing speed, Attention 
and concentration, and Language skills, Memory, 
Sensation and perception, and Motor skills and 
construction) all scored between 6.67 and 6.88, suggesting 
a somewhat significant perceived relevance in office 
settings. 

Figure 5 provides a breakdown of the mean values of 
cognitive abilities by occupation, revealing notable 
variations across different roles. There were positions 
with very big circles across the board (management and 
finance) and small circles (bookkeeping, coordinator, and 
communication). In contrast, there were the ones that have 
uneven circles: attention stands out for analyst, executive 
function for coordinator, general clerk, human resources, 
language is low for reception, and language, attention, 
executive function, and memory are all high for scientists, 
but the rest are low. 

 
Figure 5. Mean values of importance of cognitive abilities by 
occupation 

Table 4. ANOVA of cognitive abilities by occupation 

# Cognitive 
Abilities 

Degree of 
Freedom F score P value 

1 Sensation and 
perception 10 1.14 0.33 

2 Motor skills and 
construction 10 0.78 0.64 

3 Attention and 
concentration 10 2.03 2.92× 𝑒𝑒!# 

4 Memory 10 1.64 0.09 

5 Executive 
functioning 10 2.85 1.95× 𝑒𝑒!$ 

6 Processing 
speed 10 2.34 1.10× 𝑒𝑒!# 

7 Language skills 10 1.95 3.82× 𝑒𝑒!# 
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Light yellow background: Statistically significantly different 

As in Table 4, an ANOVA, evaluating the significance 
of various cognitive abilities across different office 
occupations, demonstrated no statistically significant 
differences among occupations for cognitive abilities such 
as sensation and perception, motor skills and construction, 
and memory. Conversely, abilities such as attention and 
concentration, executive functioning, processing speed, 
and language skills had significant variations across 
distinct occupations. 

4 Discussion and Limitation 

In this section, we would like to bring up several 
discussion points in the IEQ field and limitations of this 
study. The first point is the question of how objective 
performance metrics should be used in the prediction 
models. On average, respondents felt that only 40% of 
their work could be quantitatively measured, and so this 
study raises the question of the applicability of existing 
prediction models that were developed using objective 
performance metrics. Second, we considered ‘occupation’ 
as the decisive factor in interpreting the applicability and 
fitness of existing performance metrics. However, as 
presented in Figure 2, individuals in the same occupation 
shared a variety of ideas of how such metrics play a role 
in their work. In other words, the ultimate decisive 
factor(s) possibly lies in individuals such as their work 
types, expertise, mind, rather than occupations. Third, the 
use of self-assessed performance metrics remains as a 
potential direction but there is little research investigating 
the alignment between actual office worker performance 
and self-assessed office worker performance. The last 
point is that IEQ is one of the factors in office 
environments that impacts office worker performance. 
Explaining the changes of office worker performance with 
only IEQ changes might demonstrate a less definitive 
relationship (e.g., a low R-squared value in the regression 
model) given its absence of other critical factors when the 
performance data were collected. Hence, a high 
performance office worker performance prediction model 
would require high quality data that cover many aspects 
of office environments. 
 Several limitations of this study should be 
acknowledged. First, the convenience sampling approach 
may introduce sampling bias. Second, the survey 
responses are themselves subject to the same self-report 
biases discussed in the Introduction, including social 
desirability effects. Respondents may have over- or under-
estimated the quantifiable nature of their work based on 
how they wished to present their roles. Lastly, the domains 
of cognitive ability used in this survey (Table 2) were 
synthesized from existing IEQ literature and may not 
encompass all cognitive dimensions relevant to office 
work. Similarly, non-IEQ factors that influence office 
worker performance (e.g., organizational culture, 

management practices, and individual motivation) were 
beyond the scope of this study. 

5 Conclusion 
This study contributes largely to the IEQ field of 
measuring the variation of office worker performance by 
revisiting existing metrics and investigating their 
applicability. This research was initiated by asking the 
level of quantifiable nature of office worker performance 
through existing objective metrics, and a survey was 
conducted to address them. The critical takeaways of this 
study are following. 

- Survey respondents reported that a somewhat 
small portion of their work can be quantified 
objectively, about 40% on average with a large 
standard deviation of 24%. Many participants 
responded that their work is subjective and non-
linear in nature. 

- The metrics (call handling time, attention and 
concentration, executive functioning, processing 
speed, and language skills) were found to have 
significant variation between occupations, 
suggesting the importance of including 
occupation as a factor in a work performance 
regression model. 

 As a follow-up study, we will investigate the 
possibility of devising office worker performance 
prediction models that reflect the user perspectives on, for 
example, which performance metrics should be weighted 
more. In addition, as discussed in Section 4, the variability 
within the same occupation suggests that individual-level 
factors – such as specific work types, expertise, and task 
complexity – may be more decisive than occupation alone. 
Future research should explore these individual-level 
variables as predictors and take specific IEQ parameters, 
such as lighting, noise, ventilation, and thermal comfort, 
into consideration in performance models to better capture 
the diversity of office work. Furthermore, longitudinal 
field studies that track performance metrics alongside IEQ 
changes over time in real office settings would help 
establish stronger causal relationships than cross-sectional 
survey data alone. Lastly, given that many existing 
metrics were found to be limited in representing the 
breadth of office work, future efforts should explore the 
development of new performance metrics – such as task-
completion quality, collaborative output, or project 
milestones – that may better capture the multifaceted 
nature of knowledge work in relation to IEQ conditions. 
 
The authors would like to appreciate the survey participants and 
the librarians at Virginia Polytechnic Institute and State 
University who helped find articles of our interest. 
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As in Table 4, an ANOVA, evaluating the significance 
of various cognitive abilities across different office 
occupations, demonstrated no statistically significant 
differences among occupations for cognitive abilities such 
as sensation and perception, motor skills and construction, 
and memory. Conversely, abilities such as attention and 
concentration, executive functioning, processing speed, 
and language skills had significant variations across 
distinct occupations. 

4 Discussion and Limitation 

In this section, we would like to bring up several 
discussion points in the IEQ field and limitations of this 
study. The first point is the question of how objective 
performance metrics should be used in the prediction 
models. On average, respondents felt that only 40% of 
their work could be quantitatively measured, and so this 
study raises the question of the applicability of existing 
prediction models that were developed using objective 
performance metrics. Second, we considered ‘occupation’ 
as the decisive factor in interpreting the applicability and 
fitness of existing performance metrics. However, as 
presented in Figure 2, individuals in the same occupation 
shared a variety of ideas of how such metrics play a role 
in their work. In other words, the ultimate decisive 
factor(s) possibly lies in individuals such as their work 
types, expertise, mind, rather than occupations. Third, the 
use of self-assessed performance metrics remains as a 
potential direction but there is little research investigating 
the alignment between actual office worker performance 
and self-assessed office worker performance. The last 
point is that IEQ is one of the factors in office 
environments that impacts office worker performance. 
Explaining the changes of office worker performance with 
only IEQ changes might demonstrate a less definitive 
relationship (e.g., a low R-squared value in the regression 
model) given its absence of other critical factors when the 
performance data were collected. Hence, a high 
performance office worker performance prediction model 
would require high quality data that cover many aspects 
of office environments. 
 Several limitations of this study should be 
acknowledged. First, the convenience sampling approach 
may introduce sampling bias. Second, the survey 
responses are themselves subject to the same self-report 
biases discussed in the Introduction, including social 
desirability effects. Respondents may have over- or under-
estimated the quantifiable nature of their work based on 
how they wished to present their roles. Lastly, the domains 
of cognitive ability used in this survey (Table 2) were 
synthesized from existing IEQ literature and may not 
encompass all cognitive dimensions relevant to office 
work. Similarly, non-IEQ factors that influence office 
worker performance (e.g., organizational culture, 

management practices, and individual motivation) were 
beyond the scope of this study. 

5 Conclusion 
This study contributes largely to the IEQ field of 
measuring the variation of office worker performance by 
revisiting existing metrics and investigating their 
applicability. This research was initiated by asking the 
level of quantifiable nature of office worker performance 
through existing objective metrics, and a survey was 
conducted to address them. The critical takeaways of this 
study are following. 

- Survey respondents reported that a somewhat 
small portion of their work can be quantified 
objectively, about 40% on average with a large 
standard deviation of 24%. Many participants 
responded that their work is subjective and non-
linear in nature. 

- The metrics (call handling time, attention and 
concentration, executive functioning, processing 
speed, and language skills) were found to have 
significant variation between occupations, 
suggesting the importance of including 
occupation as a factor in a work performance 
regression model. 

 As a follow-up study, we will investigate the 
possibility of devising office worker performance 
prediction models that reflect the user perspectives on, for 
example, which performance metrics should be weighted 
more. In addition, as discussed in Section 4, the variability 
within the same occupation suggests that individual-level 
factors – such as specific work types, expertise, and task 
complexity – may be more decisive than occupation alone. 
Future research should explore these individual-level 
variables as predictors and take specific IEQ parameters, 
such as lighting, noise, ventilation, and thermal comfort, 
into consideration in performance models to better capture 
the diversity of office work. Furthermore, longitudinal 
field studies that track performance metrics alongside IEQ 
changes over time in real office settings would help 
establish stronger causal relationships than cross-sectional 
survey data alone. Lastly, given that many existing 
metrics were found to be limited in representing the 
breadth of office work, future efforts should explore the 
development of new performance metrics – such as task-
completion quality, collaborative output, or project 
milestones – that may better capture the multifaceted 
nature of knowledge work in relation to IEQ conditions. 
 
The authors would like to appreciate the survey participants and 
the librarians at Virginia Polytechnic Institute and State 
University who helped find articles of our interest. 
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