Investigating the Indoor Environmental Quality of Different Workplaces through Web-scraping and Text-mining of Glassdoor Reviews

Abstract 
The analysis of occupants’ perception can improve building indoor environmental quality (IEQ). Going beyond conventional surveys, this study presents an innovative analysis of occupants’ feedback about the IEQ of different workplaces based on web-scraping and text-mining of online job reviews. A total of 1,158,706 job reviews posted on Glassdoor about 257 large organizations (with more than 10,000 employees) are scraped and analysed. Within these reviews, 10,593 include complaints about at least one IEQ aspect. The analysis of this large number of feedbacks referring to several workplaces is the first of its kind and leads to two main results: 1) IEQ complaints mostly arise in workplaces that are not office buildings, especially regarding poor thermal and indoor air quality conditions in warehouses, stores, kitchens, and trucks; 2) reviews containing IEQ complaints are more negative than reviews without IEQ complaints. The first result highlights the need for IEQ investigations beyond office buildings. The second result strengthens the potential detrimental effect that uncomfortable IEQ conditions can have on job satisfaction. This study demonstrates the potential of User-Generated Content and text-mining techniques to analyse the IEQ of workplaces as an alternative to conventional surveys, for scientific and practical purposes. 
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Introduction
Investigations on the indoor environmental quality (IEQ) of buildings, comprising thermal, visual, indoor air quality (IAQ), and acoustic aspects, are essential to design and operate buildings that both conserve energy and satisfy occupant needs. Specifically in workplaces, researchers have shown that IEQ significantly affects workers’ well-being, health, and productivity (Alker et al. 2014; Clements-Croome 2006; Humphreys and Nicol 2007; Al Horr et al. 2016). Considering that people’s salaries and benefits represent the largest part of the expenses linked to the life cycle of a commercial building (with the other expenses associated with utilities and rent), an improvement of the IEQ of the workplace could result in significant economic benefits for an organization due to the resulting increased productivity and health  (Allen and Macomber 2020). Additionally, such improvements have been shown to have a positive influence on workers even after they leave the office, including improved sleep quality (Aries, Veitch, and Newsham 2010). Therefore, it is clear that improving the IEQ of the workplace can yield not only environmental benefits but also health and economic ones. 

A pivotal method to improve the IEQ of buildings consists of collecting occupants’ feedback about the indoor environment during building operations. Conventionally, subjective impressions are gathered through surveys, interviews, and walkthroughs (Li, Froese, and Brager 2018). Surveys represent the most used method of subjective data collection (Li, Froese, and Brager 2018), and they primarily comprise closed-ended questions usually linked to domain-specific response scales (e.g., thermal comfort, thermal sensation). Ongoing work seeks to improve how subjective data are collected through surveys. The principal goal consists of expanding the spatial and temporal granularity of surveys with the use, for example, of micro ecological momentary assessments on a smartwatch platform (Jayathissa et al. 2020) and continuous occupant voting systems (OVS) (Sheikh Khan, Kolarik, and Weitzmann 2020). Nevertheless, three main limitations of surveys can still be highlighted: (1) the great majority of surveys target office buildings, discarding other types of workplaces; (2) occupants’ feedback is collected only if the survey is run in a specific building (a decision made either by researchers or by building managers, but not by building occupants); (3) due to the closed-ended nature of most of the questions, the feedback collected could be biased towards the specific questions and scales used. 

A way to overcome such limitations would be to analyse voluntary and unbiased feedback about the IEQ directly coming from building occupants and not solicited by specific surveys. Online reviews referring to the workplace could contain such type of information due to their open-ended nature. In recent years, online reviews have been recognized as the most common source of information among various User-Generated Content (UGC), which has been indicated as one of the most rapidly growing sources of information (Jung and Suh 2019). At the same time, advances in natural language processes and software capabilities now allow researchers to analyse unstructured and text-heavy data through text-mining techniques. Thanks to the analysis of a large number of online reviews through text mining, it is possible to work backwards and gain insights about previously unknown information. This method has mainly been adopted in the marketing and hospitality sectors to analyse online reviews from various websites and social media platforms, including Twitter and Facebook (Mostafa 2013; He, Zha, and Li 2013), Booking.com (Xu and Li 2016; Sutherland et al. 2020), TripAdvisor (Zhao, Xu, and Wang 2019; Lee, Jeong, and Lee 2017; Alrawadieh and Law 2019; Kim, Kim, and Heo 2016; Guo, Barnes, and Jia 2017; Wong and Qi 2017; Berezina et al. 2016) and Airbnb (Sutherland and Kiatkawsin 2020; Zhang 2019; Cheng and Jin 2019). In the context of IEQ investigations, text-mining techniques have been used to analyse open-ended responses in conventional surveys and interviews of post-occupancy evaluation studies (Ortiz and Bluyssen 2019; Moezzi and Goins 2011; Day and O’Brien 2017). Only two studies have used text-mining techniques to analyse IEQ information extracted from online reviews (Qi et al. 2017; Villeneuve and O’Brien 2020). In addition, these studies analysed online reviews referring to the hospitality sector (Airbnb and hotels) (Qi et al. 2017; Villeneuve and O’Brien 2020), and not to the workplace. The Glassdoor website has been highlighted as a potential source of information about the IEQ of different workplaces (Allen and Macomber 2020). However, to date, Glassdoor reviews have only been analysed from a management perspective (Moro, Ramos, and Rita 2020; Dabirian, Kietzmann, and Diba 2017). Therefore, no study has used text-mining techniques to evaluate occupants’ feedback about the IEQ of the workplace extracted from online reviews. 

This study aims to fill this research gap by analysing 1,158,706 job reviews posted on Glassdoor from 2008 to 2020 to investigate the IEQ of different workplaces. The online job reviews of 257 firms and institutions worldwide are scraped from the web and analysed through text-mining techniques. This innovative data collection method proposes to analyse occupants’ feedback about the IEQ extracted from online job reviews from a variety of workplaces, rather than from conventional surveys in office buildings. In this way, the limitations of surveys previously highlighted are overcome as (1) online job reviews refer to a variety of workplaces and not only to office buildings, (2) all occupants in any buildings can express their opinions rather than only those in which a survey is conducted, and (3) feedback is unsolicited and not prompted by specific questions about the indoor environment. Consequently, the web-scraping and text-mining of online job reviews allow obtaining worldwide, voluntary and unbiased information about the IEQ of different workplaces that would not be possible to obtain (or too costly and time-consuming) with conventional surveys.

Among the information extracted from Glassdoor, this study focuses on the negative comments of each review (i.e., cons), which, in the following, will be referred to as “IEQ complaints”. It is important to note that such complaints are open-ended text and are not limited to a set of options or responses as in conventional closed-ended questions. Besides focusing on the results of the analysis of such complaints, this paper describes the method used to extract the IEQ complaints from the online job reviews and to analyse them through text-mining techniques. This approach expands and integrates methods previously used to analyse datasets not related to the workplace environment. Through the use of the described method, this study aims at addressing the following research questions:
· RQ1: Which is the percentage of IEQ complaints in online job reviews compared to other types of complaints referring to the working environment?
· RQ2: Which is the prevailing source of complaint among the IEQ aspects (thermal, visual, IAQ, acoustic) and their combination?
· RQ3: Do the percentage of IEQ complaints and the prevailing source of complaint vary according to the type of workplace?
· RQ4: Which are the reasons for discomfort for each IEQ aspect (e.g., too cold or too hot for thermal discomfort, and too dim or bright for visual discomfort)?
· RQ5: Do online reviews with IEQ complaints differ from those without IEQ complaints, highlighting a potential influence of IEQ complaints on the overall job review (hence, potentially, on overall job satisfaction)?

Methods
A three-phase methodology is used in this study (Figure 1): (1) data selection, (2) data preparation, and (3) data analysis. While phase 1 describes the web-scraping step, phases 2 and 3 represent the two processes that characterize text mining, namely text pre-processing and knowledge extraction (Kumar and Ravi 2016). 
[bookmark: _Ref48417537][bookmark: _Ref48904936]Figure 1: Methodology for web-scraping and text mining of online reviews. 
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This phase includes the selection of the website, organizations, and items to scrape, as detailed in the following (Figure 1). 

Website Selection
This study analyses data collected from Glassdoor, a job and recruiting website that currently hosts 60 million reviews of more than 1 million companies from more than 190 countries (Glassdoor n.d.). The users of the Glassdoor website are both employees posting reviews and information about job positions, firms and institutions, as well as people interested in knowing such information. Glassdoor offers a variety of user-generated information, ranging from company reviews to salary and benefits information. Within the company reviews, users can provide quantitative and qualitative information through numerical scores of specific categories and free input text. The textual information shared by users is divided into positive and negative feedback (i.e., pros and cons), and sometimes into an additional category indicating advice to management.

Organizations Selection
From the extensive database of companies and institutions reviewed on Glassdoor, the job reviews of 257 organizations posted from April 2008 to July 2020 are scraped (i.e., extracted from the web). The companies and institutions with more than 10,000 employees are selected to focus the investigation on large organizations. Preference is given to organizations with a larger number of reviews (greater than 1000) to reduce review bias. Only industry sectors with a sufficient number of organizations satisfying the selection criteria (i.e., size and number of reviews) are included in the analysis. The majority of the companies and institutions analysed are public (67.3%), followed by college and universities (12.8%), private (8.2%), non-profit organization (4.7%), subsidiary or business segment (4.3%), hospital (2.3%), and government (0.4%). More than half of the organizations have a revenue of $10+ billion (USD) per year (60.3%), followed by $2 to $5 billion (USD) per year (13.2%), $5 to $10 billion (USD) per year (11.7%), and $1 to $2 billion (USD) per year (5.4%). 

Items to Scrape Selection
The web-links to all the companies and institutions webpages are manually inserted in a customized R script used for scraping specific information from English reviews: date, title of the review, employment status, pros, cons, and author information (Figure 2(c)). This semi-automated process is adopted as Glassdoor does not allow running scripts to automatically extract all employees’ reviews (Dabirian, Kietzmann, and Diba 2017). However, the designed script allows to automatically open the webpages with the reviews of each organization, extract the selected information based on its html pattern, and save it in a CSV file.

[bookmark: _Ref49167514]Scraped Reviews
A total of 1,158,706 English job reviews results from the data selection phase. This number includes reviews that report the date as those without it (i.e., 111 reviews) are excluded from the dataset before the analysis. Figure 2(a) and (b) report the distribution of the scraped job reviews according to the industry sector and publication year, respectively. More than half of the reviews refer to companies in IT (23.0%), retail (17.3%), and finance (15.4%) sectors. An increasing number of reviews are posted over the years, as illustrated in Figure 2(b), with a peak number of reviews in 2017. The smaller number of reviews in 2020 is linked to the fact that the web scraping was performed in July 2020. 

Figure 2(d) illustrates the geolocation of the scraped reviews indicating the job location extracted from the author’s information. Not all reviews indicate the location in the author’s information (not reported in 39.5%). Reviews with a job location are collected from 173 countries, with the majority of the reviews located in the U.S. (68.8%), India (12.7%), U.K. (4.2%), and Canada (4.0%). The uneven distribution of reviews in the world is most likely because only English reviews are analysed. A discussion on this subject is reported in Section “Limitations".

[bookmark: _Ref48321582]Figure 2: Summary of scraped job reviews from Glassdoor. (a) Number of reviews scraped from Glassdoor according to the industry sector. (b) Number of reviews scraped from Glassdoor according to the year of publication. (c) Items scraped from each online job review. (d) Geolocation of the scraped job reviews (each point refers to one review).
Data Preparation
The data preparation consists of three steps: (1) pre-processing, (2) iterative cleaning, and (3) extraction, categorization, and tokenization (Figure 1). 

Pre-processing
The data preparation starts from the pre-processing of the text reported in the cons section and consists of the removal of stop words such as “a”, “the”, “of”, “and”, etc., and the transformation of all words into lowercase. In this phase, other information is extracted from the job reviews: the year from the date and the work position from the author's information (Figure 2(c)).

Iterative Cleaning
This step aims to extract for each job review the words associated with IEQ (i.e., IEQ-related words), if any. The word extraction is performed with the use of a custom vocabulary (i.e., “IEQ vocabulary”) as performed in other studies extracting IEQ information from online reviews in the hospitality sector (Qi et al. 2017; Villeneuve and O’Brien 2020). The vocabulary wordings are chosen to reduce the probability of extracting terms that could refer to both IEQ and work-related issues. One of the most outstanding examples is the word “stink.” This word is excluded from the IEQ vocabulary as its search yields to 487 words, most of which refer to the description of a management/job situation (e.g., “the leadership stinks”). Similar cases are “bright”, “light”, “dry”, and “sound” (e.g., “bright ideas”, “the light at the end of the tunnel”, “work can be dry”, “technically sound”). These types of words are inserted in the IEQ vocabulary as expressions (e.g., “bright lights” and “sound pollution”) and not as single words to avoid extracting work-related words. However, an automated exclusion method is used for other words, such as for “hot” and “noise”. Non-IEQ expressions such as “hot water” and “make noise for yourself” are included in an additional custom vocabulary (i.e., “incorrect vocabulary”), used together with the IEQ vocabulary to extract IEQ-related words from each review automatically. The purpose of the iterative cleaning is to include as many words and expressions as possible in these two vocabularies to allow a more precise IEQ-related word extraction. The iterative cleaning process follows these steps:
a) IEQ-related words are extracted with the use of an initial IEQ vocabulary, created based on the author’s knowledge and previous literature;
b) 1200 reviews (300 per IEQ aspect) are visually inspected to detect the incorrect classification of words into IEQ-related words and expressions and potential new IEQ-related words or expressions. The new words and expressions are included in the two vocabularies;
c) The job reviews are analysed again with the extended IEQ and incorrect vocabularies, extracting IEQ-related words again for each cons review;
d) Step (b) is repeated with 400 reviews (100 per IEQ aspect);
e) Step (c) is repeated;
f) The reviews containing IEQ-related words are divided into a list of unigrams and bi-grams through tokenization (see explanation about tokens in section “Extraction, Categorization, and Tokenization);
g) Approximately 2500 unigrams and bi-grams are visually inspected to further enrich the IEQ vocabulary and irrelevant vocabularies;
h) The expanded vocabularies are finally used to analyse the initial dataset of cons reviews and extrapolate the final reviews with IEQ-related words. 
Table 1 summarises the final IEQ vocabulary used in the analysis. The incorrect vocabulary is reported in Appendix A.

[bookmark: _Ref48338864]Table 1:IEQ vocabulary indicating the words and expressions for each IEQ aspect. 

Extraction, Categorization, and Tokenization
The goal of the last phase of the data preparation is threefold: extraction of reviews containing IEQ complaints, categorization of such reviews according to the four IEQ aspects and their combination, and creation of word tokens of such reviews. 
A review is considered to report an IEQ complaint if it contains at least one IEQ-related word. Once these types of reviews are extracted, they are categorized according to the four IEQ aspects and their combination, concerning the IEQ-related word(s) present in the review. For example, one review containing two words referring to a thermal complaint (e.g., “warm temperature”) is classified as “Thermal”, and another review presenting one word for a visual complaint and one for an IAQ complaint (e.g., “dark and dusty environment”) is classified as “Combined”. At the end of the categorization process, each review is classified into one of the following six categories: “Thermal”, “Visual”, “IAQ”, “Acoustic”, “Combined”, and “No IEQ complaint” (referring to reviews not reporting any IEQ-related word). Also, reviews classified as “Combined” are further divided according to the combination of IEQ aspects: “Thermal & Visual”, “Thermal & IAQ”, “Thermal & Acoustics”, “Visual & Acoustic”, “Visual & IAQ”, “IAQ & Acoustic”, “Three IEQ” and “four IEQ” (if a review contains three or four IEQ-related words referring to three or four IEQ aspects). Finally, from reviews containing IEQ complaints, tokens are created. A token is defined as an “instance of a sequence of characters in some particular document that are grouped together as a useful semantic unit for processing” (Manning, Raghavan, and Schütze 2010). Through tokenization, the process of dividing a text into tokens, it is possible to extract both unigrams (i.e., single words) and bi-grams (i.e., two subsequent words) composing a text. From the reviews containing IEQ complaints, two lists are extracted, one for unigrams and the other for bi-grams.

Data Analysis 
The data analysis phase includes four main analyses used to address the research questions previously introduced (Figure 1).

Analysis 1: IEQ Complaints Count
Analysis 1 intends to count the reviews containing IEQ complaints, first considering the entire dataset and then within each industry sector and work position. This analysis is used to investigate the percentage of IEQ complaints reported in online job reviews posted on Glassdoor (RQ1) and to study if the rate of IEQ complaints varies according to the type of workplace (RQ3). To address RQ1, the total number of reviews containing IEQ complaints, , is counted as well as the total number of scraped reviews, . Then, these two variables are used to determine the absolute percentage of reviews containing IEQ complaints, quantified as follows

	

	(1)


The total number of reviews and the absolute percentage are calculated over the years to study their temporal variation due to the uneven number of reviews posted each year (Figure 2(b)).
To address RQ3, a series of relative percentages of reviews containing IEQ complaints are determined according to the following formula

	

	(2)


where  represents the different industry sectors and work positions. The normalization of the IEQ complaints reported for a specific industry sector or work position,  (e.g., the reviews containing IEQ complaints of the IT sector) with the total number of scraped reviews within the same industry sector or work position,  (e.g., the  total scraped reviews of the IT sector) is necessary considering the uneven distribution of reviews across industry sectors (Figure 2(a)) and work positions.

Analysis 2: IEQ Complaints Count by IEQ Aspects
Analysis 2 has the objective to count each review containing IEQ complaints according to the IEQ aspects and their combination, first considering the entire dataset and then within each industry sector and work position. This analysis is used to determine the source of complaints. More specifically, it is used to investigate the relative distribution of complaints concerning the IEQ aspects (RQ2) and to study if the distribution of IEQ complaints across IEQ aspects varies according to the type of workplace (RQ3). To address RQ2, the relative percentage of reviews containing IEQ complaints within IEQ aspects is determined as follows

	

	(3)


where  indicates the number of reviews within a specific IEQ aspect (). Besides for the five IEQ aspects, the relative percentage is calculated within the “Combined” aspect to determine the distribution of sources of complaints when more than one aspect is reported. 
To address RQ3, a series of relative percentages of reviews containing IEQ complaints concerning the IEQ aspects are determined according to the following formula

	

	(4)


where  is the number of reviews containing IEQ complaints referring to a specific IEQ aspect, , for a given industry sector or work position, , and  is the number of reviews containing IEQ complaints in the same industry sector or work position.

Analysis 3: term frequency-inverse document frequency (tf-idf)
Analysis 3 is performed to understand the reasons mentioned as source of discomfort for each IEQ aspect and reply to RQ4. Topic modelling such as the Latent Dirichlet Allocation (LDA) method (Blei, Ng, and Jordan 2003) has been used in other text mining studies of online reviews to understand patterns of topics in a text, such as topics of interests in reviews (Sutherland and Kiatkawsin 2020; Zhang 2019; Jia 2020; Jung and Suh 2019; Sutherland et al. 2020). This unsupervised classification is used in topic modelling (Silge and Robinson 2017) and this method can potentially be used to extract the reasons for discomfort for each IEQ aspect. However, this method does not perform well with the present dataset, probably because IEQ complaints are only a small part of all the complaints, even within the reviews containing IEQ complaints (e.g., in the same review, a person might complain about the indoor temperature but also about the inadequate salary and a disrespectful manager). In this study, comments classified as IEQ complaints are not reduced to contain only the sentences referring to the IEQ as done in other studies such as in Villeneuve and O’Brien (2020). This choice is made to retain the entire text of each review, without risking excluding important parts of the text, as well as to analyse the entire comment in the sentiment score analysis (see Section “Analysis 4: Sentiment Analysis”).

The term frequency-inverse document frequency (tf-idf) is used for the analysis. The numerical statistic tf-idf is calculated by multiplying the term frequency , defined as the frequency of the term  in document , with the inverse document frequency  of the same term  (Silge and Robinson 2017)

	

	(5)



where  indicates the logarithmically scaled fraction of the total number of documents in a collection  and the number of documents  of the collection  in which the term  appears, according to the following formula

	

	(6)


If a specific word appears in all documents of a collection, as it results from the natural log of 1. The more unique a term is in a collection of documents () and the more often it appears in a specific document () the higher the value of  is.
Through the calculation of , it is possible to identify terms that characterize a document within a collection of documents (e.g., words specific to a single book within a collection of books). In this study, reviews containing IEQ complaints are considered as the collection of documents, with IEQ aspects determining the separate documents of the collection. As a consequence, the calculation of  is used to determine the distinctive words for each IEQ aspect (i.e., those with the highest ). The method is applied to both unigrams and bi-grams and allows defining the most common words and combinations of two words for each IEQ aspect. However, due to its mathematical formulation, this method misses potential words that could represent reasons for discomfort, but that occur for all IEQ aspects (hence, that are not “unique” for each IEQ aspect). Examples are the words “people” and “office”. For this reason, a term frequency for each unigram and bi-gram, , () is further calculated for each IEQ aspect as the number of times that the token appears within that IEQ aspect, , concerning the total number of tokens referring to the same aspect, 
	

	(7)


 is then divided by the total number of reviews within each IEQ aspect to calculate the relative term frequency of each token (, according to the following formula

	

	(8)


Tokens are then ordered from the most common to the least common according to . All tokens appearing in at least 1.5% of each IEQ aspect are visually inspected to detect potential terms missed with the  statistic, but that could refer to complaints about IEQ. The results of this semi-automated method are also used to verify the results of the  statistic (i.e., are the same words extracted? Which ones are missed?).
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Analysis 4 is performed to investigate whether reviews with IEQ complaints differ from those without IEQ complaints, highlighting a potential influence of IEQ complaints on the overall job review and potentially on overall job satisfaction (RQ5). The analysis consists in the comparison of the reviews containing IEQ complaints with reviews with no IEQ complaints, considering the categorization according to the IEQ aspects. For this analysis, a text mining technique is used to estimate the “sentiment score” of each review. The sentiment score is calculated with the sentiment analysis, a natural language processing (NLP) application (Zagal, Tomuro, and Shepitsen 2012). This method has been used in text mining of general online reviews (Mostafa 2013; Lee, Jeong, and Lee 2017; Jung and Suh 2019; Cheng and Jin 2019) as well as in text mining of online reviews referring to IEQ in the hospitality sector (Villeneuve and O’Brien 2020). The technique allows estimating the positive and negative attitude of a text by comparing the words of the text with those of a specific lexicon consisting of positive and negative words in English (Silge and Robinson 2017). 
The AFINN lexicon (Nielsen 2011) is used in this analysis to estimate the sentiment score of each review, divided into unigram tokens. Compared to other lexicons that only categorize words in a binary fashion (i.e., negative and positive), the AFINN lexicon assigns a sentiment score between -5 and +5 to each token corresponding to a word that is present in the vocabulary, . The sentiment score for each review, , characterized by  tokens, is therefore calculated as the sum of the sentiment score of its tokens following the formula

	

	(9)


A score close to zero indicates a relatively neutral review, whereas positive and negative scores indicate positive and negative reviews, respectively. As it has been remarked in the literature (Silge and Robinson 2017), the lexicons are based on unigrams and cannot, therefore, detect more complicated sentence structures, such as those using qualifiers before a word to indicate a negative sentiment (e.g., “not good”, “not happy”), nor can detect sarcasm. 
Statistical analyses are performed to compare the calculated sentiment scores across reviews through an analysis of variance with one independent variable (i.e., review type). First, data is tested for normality and homogeneity of variances with Anderson-Darling normality test (Anderson and Darling 1954) and Levene's test (Levene 1949), respectively. Considering that these assumptions are violated, the use of the non-parametric Kruskal–Wallis test (Kruskal and Wallis 1952) is adopted. To compare the results of the different review types in case of significant results, the post-hoc Dunn test for multiple comparisons is used, applying the Benjamini-Hochberg adjustment to the p-values to control the false discovery rate (Zar 2013). Effect sizes are calculated with  and Vargha and Delaney’s A (VDA) (Vargha and Delaney 2000) to estimate the degree to which the sentiment scores of the review types are different from each other (overall and pairwise, respectively). The interpretation values for the effect size  are 0.01-0.06 (small effect), 0.06-0.14 (moderate effect) and  0.14 (large effect) (Khalilzadeh and Tasci 2017). The interpretation values for Vargha and Delaney’s A are 0.56-0.64 & 0.34-0.44 (small effect), 0.64-0.71 & 0.29-0.34 (moderate effect) and  0.71 & ≤ 0.29 (large effect) (Vargha and Delaney 2000). Besides being beneficial in all statistical investigations, the calculation of the effect size is particularly suggested for large sample sizes as in the present study, as they can result in deflated p-values (Lin, Lucas, and Shmueli 2013).
R version 3.6 (R Core Team 2017) with the RStudio integrated development environment (RStudio Team 2020) is used for data scraping, handling, screening, preprocessing, analysis, and visualization. The R packages used are rvest, purr, curl for the web scraping, tidytext, stringr, dplyr, and textdata for data handling, preprocessing and analysis, car, nortest, rcompanion, FSA and coin for the statistical analysis, and ggplot2   for data visualization.

Results

IEQ Complaints Analysis

IEQ Complaints Number and Trend Over Time
A total number of 10,593 reviews are categorised as IEQ complaints. This number corresponds to 0.91% of the total reviews scraped from Glassdoor. Figure 3(a) shows the trend of the IEQ complaints in the analysed period (2008-2020). The trend indicates an increasing number of reviews over the years. However, the same trend was observed for the entire sample of reviews (Figure 2(b)), and the increasing number of IEQ complaints could simply be due to the increasing number of reviews posted online. Figure 3(b) displays the absolute percentage of IEQ complaints calculated considering the total number of reviews posted each year. The graph displays an overall decrease in the absolute percentage of IEQ complaints over the years, passing from a higher value than 1.1% to a lower value than 0.8%, corresponding to a decrease of about 30% in 12 years. 

[bookmark: _Ref49160904]Figure 3: (a) Total number of IEQ complaints over time and (b) absolute percentage of IEQ complaints over time.
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Figure 4(a) indicates the relative percentages of IEQ complaints by industry sector. The highest value occurs in the transportation & logistics sector, with about 3% of total reviews indicating a complaint about the IEQ. 
Figure 4(b) indicates the relative percentage of IEQ complaints by work position. It must be remarked that the work position is not given in 14% of the total reviews (and in 12% of the reviews containing IEQ complaints). The majority of the IEQ complaints refer to an “Anonymous Employee” (about 20%), which is not included in the analysis. The majority of IEQ complaints occur for the following positions: full-time and part-time package handler, followed by cook, material handler, warehouse associate, and fulfilment associate. These work positions do not correspond to traditional office jobs, as they are primarily performed in warehouses, kitchens, trucks, and stores. Only three office jobs are displayed in the figure, namely graduate research assistant, software developer, and customer service representative. 

[bookmark: _Ref49168221]Figure 4: Relative percentage of IEQ complaints by (a) sector and (b) work position. The dark grey numbers on top of each bar indicate the total number of IEQ complaints in the considered group. Not all reported work positions are indicated in figure (b) but only those indicating at least 30 IEQ complaints and corresponding to at least 1% of the total reviews.

Source of IEQ Complaints 
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Figure 5 summarizes the results of the sources of IEQ complaints with respect to the entire dataset, showing the average distribution of sources of complaints, independently of the workplace. The great majority of IEQ complaints refer to thermal aspects (54%), followed by acoustic (19%), IAQ (16%), visual (7%), and combined aspects (4%). Thermal complaints also result in the most reported ones in combination with other factors (thermal and IAQ and thermal and acoustic). 

[bookmark: _Ref49178285]Figure 5: Relative percentage of sources of IEQ complaints according to IEQ aspects and their combination.
IEQ Complaints Source Relative Distribution by Workplace
Figure 6(a) shows the relative percentage of sources of complaints among the IEQ aspects and their combination for each industry sector. The bars are ordered according to the number of IEQ complaints in each sector, from the most numerous (left) to the least numerous (right). The percentage of thermal complaints, the principal source of discomfort when the entire dataset is considered, results even higher for two sectors, namely transportation & logistics and education. A reduced complaint rate about thermal aspects can be observed for the finance (41%) and the pharmaceutical (39%) sectors. Together with the IT and telecommunication sectors, these sectors report almost a double rate of acoustic complaints compared to the overall trend (from 19% of the entire dataset to about 31-34%). IAQ complaints are larger than the average trend primarily for one sector, namely for retail. The large number of IEQ complaints in this sector and the large percentage referring to IAQ determine the large amount of IAQ complaints overall. Visual complaint rates are double for the pharmaceutical (13%), healthcare (13%) and the accounting and legal sectors (11%).  
Figure 6(b) reports the relative percentage of sources of complaints among the IEQ aspects and their combination for each work position. The distribution of sources of IEQ complaints across the selected work positions reflects the one discussed for the different industry sectors. Work positions referring to the retail sector report a higher percentage of complaints related to IAQ. Work positions referring to the transportation and logistics sectors (i.e., warehouse associate, fulfilment associate, technician, and package handler) report a higher percentage of complaints related to the thermal environment. Another interesting result is the increasing rate of acoustic complaints for customer service representatives, analysts and software developers, and jobs conventionally conducted in offices. 
The reviews referring to three sectors, namely education, retail, and transportation & logistics, are the ones that could skew the results about the source of complaints of the entire dataset due to their large number and their emphasis on a specific IEQ aspect. For this reason, the calculation of the source of complaints among the IEQ aspects is performed again by excluding one or more of these three sectors. The exclusion of the reviews from the education sector from the analysis does not compromise the overall distribution of the IEQ aspects, with the thermal complaints resulting in the most reported ones (52%), followed by acoustic (20%), IAQ (17%), visual (7%) and combined (4%). The same can be concluded with the complete exclusion of the transportation & logistics sector. By excluding both the retail and the transportation & logistics sectors from the analysis (the sectors that are not associated with a conventional office job), the resulting relative percentages vary, presenting a slightly reduced rate of thermal complaints (49%), an increased rate of acoustic complaints (27%), and an almost equal rate of complaints about IAQ and visual aspects (11% and 9%, respectively). This last distribution of IEQ sources of discomfort can, therefore, be associated with the office workplace. 

[bookmark: _Ref49180144]Figure 6: Relative percentage of IEQ aspects by (a) sector and (b) work position. The x-axis is ordered according to the number of IEQ complaints in each group, from the largest to the smallest. Not all work positions are displayed in the graph, but only those reporting at least 25 IEQ complaints.

Reasons for Discomfort
Figure 7 illustrates the results of the term frequency-inverse document frequency statistic (tf-idf) for the analysis of the unigrams. The most common reasons for discomfort (i.e., the most characteristic words for each IEQ aspect) are “noise”, “quiet” and “loud” for acoustic, “smelly”, “dusty” and “stuffy” for IAQ, “hot”, “heat” and “cold” for thermal and “dark” for visual (complaints about a windowless space are the second most common ones, together with those related to poor lighting). For the combined category, the most used words refer to the thermal (“hot” and “cold”) and IAQ aspects (“dusty” and “smelly”), a result that is consistent with the largest type of combination among IEQ aspects (Section “IEQ Complaints Source Relative Distribution”). 
The calculation of the relative term frequency () for the unigrams of each IEQ aspect (reported in Appendix B) confirms the results of the tf-idf statistic, validating the use of this method for this type of analysis. The relative term frequency also expands beyond the tf-idf statistic, indicating words that were not found with the tf-idf statistic as they are not unique to a specific category. For thermal discomfort, additional reasons include words related to the season and climate (“summer”, “winter”, and “weather”), and the workplace (“store”, “warehouse”, “office”, “truck”, and “kitchen”). For visual discomfort, it appears that the more considerable discomfort occurs in offices (and somewhat in cubicles) and such discomfort is linked to a lack of windows and natural light and bad lighting, resulting in depressing environments. The additional words for IAQ discomfort are primarily linked to the workplace (“office”, “warehouse”, “store” and “kitchen”) and a lack of cleanliness (“dirty”, “bathrooms” and “cleaning”). For acoustic discomfort, it results that the most significant discomfort arises in offices (mostly in cubicles) and is linked to people talking, having meetings and phone calls, and listening to music. The additional words for the combined category refer to the season and climate, similarly to thermal discomfort, and highlight how such combinations usually occur in offices, stores, and warehouses. 

[bookmark: _Ref49199058]Figure 7: Term frequency-inverse document frequency for the unigrams derived from the tokenization of IEQ complaints, divided by IEQ aspects. For the creation of the graph, some of the tokens and their occurrences are merged (i.e., smells and smell merged into smelly, noisy merged into noise, temperatures into temperature, lights into lighting, and dust into dusty).
Figure 8 illustrates the results of the analysis for the bi-grams. In general, the results confirm those reported for the analysis of the unigrams. Only the bi-grams referring to visual complaints provide some additional insights, reporting the “natural light” as one of the most present combinations of words in the visual category. It also confirms the complaints about the inadequate and unsatisfactory light conditions (especially the fluorescent lights).

[bookmark: _Ref49206988]Figure 8: Term frequency-inverse document frequency for the bi-grams derived from the tokenization of IEQ complaints, divided by the IEQ aspect.

Impact of IEQ Complaints on Overall Job Reviews

To understand the sentiment scores of the analysed reviews, the sentiment scores of the cons reviews are compared with those of the pros reviews (which were not included in the analysis until now). Figure 9(a) shows the mean (grey diamond), median (thick black horizontal line), and the interquartile of the distribution of the sentiment scores of the cons reviews (mean = -0.63, sd = 3.37) and of the pros reviews (mean = 3.23, sd = 3.15). The sentiment scores of the two types of review are shown to be significantly different following the analysis performed with the Wilcoxon rank sum test (). This difference is also shown to be large, with an effect size of Cohen’s d of 1.19. 

Figure 9(b) illustrates the boxplots for the reviews without IEQ complaints and the reviews with IEQ complaints categorised according to the IEQ aspects. We reiterate the fact that the comments containing IEQ complaints are not reduced to retain the IEQ complaints only, but they also encompass other types of job complaints (e.g., salary, management, etc.). It is possible to see that most of the sentiment scores have negative values and that most of the reviews with IEQ complaints have a lower sentiment score than the reviews without IEQ complaints. The results of the Kruskal-Wallis test indicate a statistically significant difference between the review types (chi-squared = 743.17, df = 5, ). However, the small p-values are likely linked to the large sample size, considering the non-significant effect size (. Such a result implies that differences across all groups have no practical significance despite the large statistical significance of the performed test. However, the results of the Vargha and Delaney’s A (VDA) indicate significant, albeit small, effect sizes for pairwise comparisons between reviews categorised according to the IEQ aspects. Table 2 illustrates the results of the VDA analysis and the results of the post-hoc Dunn test for multiple pairwise comparisons. The pairwise comparisons of both types of tests indicate statistical and practically significant differences between the sentiment scores of all the reviews containing IEQ complaints (for each IEQ aspects) and those of reviews without IEQ complaints. The most negative sentiment scores result for reviews reporting complaints for more than one IEQ aspects (the “combined” category). It can be concluded that reviews with IEQ complaints result in lower sentiment scores than reviews without IEQ complaints, especially if more than one IEQ complaint is reported. The lower sentiment score of reviews reporting IEQ complaints could be correlated to a higher overall job dissatisfaction. 

[bookmark: _Ref49246684]Figure 9: Sentiment score comparisons (a) for the cons and pros reviews, and (b) for the IEQ complaints according to the IEQ aspects and the reviews with no IEQ complaints. 
[bookmark: _Ref49249207]Table 2: Vargha and Delaney’s A (VDA) and Dunn test results of the pairwise comparisons across sentiment scores of different types of job reviews. The symbol * indicates that results are both statistically and practically significant. 

Discussion
This study presents an innovative analysis of occupants’ feedback about the IEQ of their workplace. No comparable studies exist on the IEQ of the workplace; hence, results are discussed with reference to studies adopting a similar approach to investigate the IEQ in the hospitality sector and more traditional IEQ investigations performed with the use of conventional surveys in the workplace. 

Indoor Environmental Quality Complaints in Online Job Reviews
This study indicates that less than 1% of the total number of scraped job reviews report IEQ complaints. The percentage is smaller than the average 4%-4.84% reported in similar studies in the hospitality sector (Qi et al. 2017; Villeneuve and O’Brien 2020). The smaller percentage of IEQ complaints could be explained by the nature of the two types of reviews: hospitality reviews are primarily focused on the place of the stay and the service received, whereas job reviews are primarily focused on job-related aspects (e.g., salary, management, etc.). In an analysis of Glassdoor reviews, it has been shown that interest, management, and economic aspects are the most common topics in negative reviews (Dabirian, Kietzmann, and Diba 2017). Consequently, IEQ aspects are not the principal focus of many job reviews. A complaint about the IEQ in a job review could be caused by prolonged exposure to uncomfortable indoor conditions, well beyond acceptable variations to which people can usually adapt (e.g., by wearing noise-cancelling headphones in a noisy environment or turning off disturbing lights). The dissatisfaction linked to uncomfortable indoor conditions exceeding the occupants' adaptive ability has been reported in the thermal comfort field (Li et al. 2020) but could also apply to the other comfort spheres. 
 This study also reports a decreasing absolute percentage of IEQ complaints over the years, which could have two interpretations: significant improvements in workplace conditions or an increasing number of concerns about other job aspects, such as job stability, compensation, and perspective. The improvement of the workplace conditions could be interpreted as increasing awareness of the importance and implications of good IEQ in the workplace or a direct response to the IEQ complaints by the organizations’ facility management.
The results of the present study show that the number of IEQ complaints vary in the workplaces considered. A larger number of complaints is observed for jobs not conventionally performed in offices. This result highlights the importance of not limiting IEQ investigations to office spaces, currently the most commonly studied spaces within non-residential buildings (Li, Froese, and Brager 2018).

Sources of IEQ Complaints: Distribution, Reason, and Impact on Overall Job Reviews
Thermal aspects are the most reported source of complaints, independently of the workplace. The number of thermal complaints is even higher for people who do not have a traditional office job, such as those working in stores, warehouses, kitchen, or trucks. The predominance of complaints about the thermal environment confirms the findings of previous investigations based on traditional survey (Lai et al. 2009; Frontczak and Wargocki 2011), and justifies the vast number of studies on thermal comfort (Asit Kumar Mishra and Ramgopal 2013; A. K. Mishra, Loomans, and Hensen 2016; Rupp, Vásquez, and Lamberts 2015). The methodology presented here confirms those findings across thousands of comments spanning several countries, years and workplaces, a result that would have been much more difficult to achieve with conventional surveys techniques. 
Acoustic aspects represent the second most reported source of complaints. The acoustic complaint rate increases when reviews primarily associated with office jobs are retained. The results highlight that the acoustic disturbances (mainly from people talking to co-workers, having phone calls, or listening to music) are distracting and lead to a lower concentration level, confirming results found in conventional investigations performed in open-plan offices  (Sundstrom et al. 1994; Sundstrom, Stokols, and Altman 1987). Currently, acoustic conditions have been reported to be the least recorded environmental parameter in post-occupancy evaluation studies (Li, Froese, and Brager 2018), and consequently, the least investigated factor. 
IAQ aspects are the third source of workplace complaints when all workplaces are considered. The percentage of IAQ complaints, however, double in the retail sector. The main reasons for IAQ discomfort are linked to the bad smell and unclean conditions of the workplace, more specifically of warehouses, stores, kitchens, and offices. This result highlights the importance of IAQ investigations in workplaces other than offices, such as in the retail sector. To date, the great majority of investigations on IAQ and workers are performed in office buildings (Al horr et al. 2016), primarily focusing on the sick building syndrome (Burge et al. 1987) and their associated effects and symptoms  (Wargocki et al. 2000; Fisk and Rosenfeld 1997). 
Visual aspects represent the least reported source of complaints when all workplaces are considered. However, the percentage doubles for specific sectors that are generally associated with traditional office jobs. The lack of windows is reported as the principal reason for visual discomfort, followed by the poor electric lighting installations. Numerous investigations have highlighted the beneficial presence of windows and daylight in the built environment, contributing to occupants' health and well-being (Andersen 2015). In workplaces, daylight has been reported as the preferred source of light (Galasiu and Veitch 2006), and having access to a window or daylight has been shown to strongly improve satisfaction with lighting (Veitch et al. 2003). Also, daylight in schools has been correlated with increased student performance, a finding which may also hold true for adults in office buildings (Heschong, Wright, and Okura 2002). In addition to the daylight it provides, a window's view has also been shown to be beneficial for people (California Energy Commission and Heschong 2003; Aries, Veitch, and Newsham 2010). The lower percentage of visual complaints compared to the other IEQ aspects might be due to a lack of awareness of the impact of the visual conditions on people's health and productivity, or to a higher tolerance of people to poor visual conditions compared to thermal, acoustic and air quality ones. 
Reviews with complaints about more than one IEQ aspect cover only 4% of the total IEQ complaints, with most of them referring to thermal aspects in combination with IAQ or acoustic aspects. The presence of IEQ complaints (independently of the source of complaint) results in reviews with lower sentiment scores than reviews without IEQ complaints. In addition, reviews reporting complaints about multiple IEQ aspects result in the most negative sentiment scores. This outcome highlights how multiple sources of discomfort can lead to a higher discomfort that, in turn, can potentially have a negative influence on the perception of the job itself (reflected in the low sentiment score of the job review). This result is in line with the literature indicating how satisfaction with the indoor environment correlates with job satisfaction (Veitch et al. 2007). 

[bookmark: _Ref61369190]Practical Implications
For the scientific community, the results of this study highlight important research directions and areas of focus for future IEQ investigations:
· Investigations beyond office environments are encouraged to improve the working conditions of people that suffer the most from inadequate IEQ. This specifically applies for investigations about thermal and IAQ factors; 
· Given the importance of the acoustic environment in office spaces, acoustic measurements and investigations are strongly encouraged in future studies;
· Further studies should be conducted to evaluate the influence of uncomfortable indoor conditions on overall job satisfaction;
· Investigations on the simultaneous presence of multiple indoor environmental factors (Bluyssen 2019; Schweiker et al. 2020) are strongly advised due to the potential detrimental effect of multiple discomfort sources on job satisfaction;
The results also highlight the most critical IEQ aspects in several industry sectors and job positions, an outcome that can be of considerable value for companies, especially in sectors where IEQ complaints appeared to be most frequent.
The described method combining User-Generated Content from online job reviews and text-mining techniques can be exploited in several ways by many stakeholders. According to the four types of occupants’ feedback applications illustrated for OVS (Sheikh Khan, Kolarik, and Weitzmann 2020) (i.e., control, facility management, research, and social), the unconventional feedback from online reviews can serve all the applications except “control” due to the nature of the feedback (i.e., non-continuous and asynchronous). For facility management applications, this type of occupants’ feedback can be used to improve the operation of specific buildings. For research applications, it can be used as an alternative or an addition to feedback collected through conventional surveys and can be extremely valuable if studied in combination with environmental measurements collected from the investigated buildings. For social applications, it allows building occupants from all over the world to express their feedback about the IEQ of their workplace (unlike conventional surveys that are performed in selected buildings). To facilitate this latter application, the evaluation of the workplace could become one of the evaluations in company review websites such as Glassdoor. 

[bookmark: _Ref50999713]Limitations
Despite the great potential for understanding the indoor environmental quality of different workplaces innovatively, the described analysis has some limitations, discussed hereafter.
First, the automated information extraction through the iterative cleaning process cannot provide all the correct information. Despite the use of the IEQ and incorrect vocabularies, it is believed that some unwanted reviews were included, and other relevant ones were missed in the final sample analysed. This is because misspelled words cannot be captured as well as other more complex sentence structures and idioms. Only a visual screening and analysis of all the reviews would allow performing the correct selections, but this process cannot be automated. A manual assessment would not be efficient and discard the benefits of text-mining techniques. Second, the great majority of the reviews are located in English-speaking countries. A similar analysis of reviews posted in different languages and on different online platforms would be beneficial to extend the results of this paper. Third, this study only focuses on large firms and institutions. The same analysis could be performed for smaller organizations to investigate whether they offer a better or worse IEQ than bigger organizations. Fourth, this study does not consider the confounding effects that climate and location can have on the perception of the IEQ. Despite the fact that not all reviews include the location from which it is possible to deduce the climate and the country, additional analyses should be performed on this matter considering the reviews that indicate their location. Next, this study only considers comments posted online by employees and, due to its nature, cannot include physical environmental measurements of the considered workspace. As a consequence, this analysis only encompasses the employees’ perception of their workplace. However, the results of occupant perception studies could initiate more detailed investigations involving physical measurements. Finally, the demographic of people posting online reviews could be restricted by age, and access and acquaintance to technology, potentially limiting the random distribution of samples. However, compared to conventional surveys usually limited in number, performed in specific buildings chosen by researchers or employers and mostly tied to specific closed-ended questions, the proposed methodology allows to gather a larger number of feedbacks coming voluntarily from all the people that wish to express their opinion online. Therefore, the chances of obtaining a random distribution of samples and the objectivity of the responses are higher than in conventional surveys. The increasing use of the internet and of online platforms will only increase these chances. 

Conclusions
This study utilizes an innovative way to collect occupants’ feedback about the indoor environmental quality (IEQ) of different workplaces by analysing a large amount of voluntary and open-ended online job reviews. The value and novelty of this study stem from the analysis of a large number of comments and their reference to several workplaces, an effort that would have been extremely costly and time consuming with conventional survey techniques. 
This work presents two fundamental results:
· IEQ complaints mostly arise in workplaces that are not office buildings, especially regarding poor thermal and indoor air quality conditions in warehouses, stores, kitchens, and trucks;
· The reviews reporting IEQ complaints are more negative than reviews without IEQ complaints (despite they still report other negative aspects of the work environment, such as salary or management). Moreover, the most negative reviews are those reporting complaints about more than one IEQ aspect.
The first result challenges whether offices should be the primary focus of most IEQ investigations and highlights that the workplaces that need the most consideration to improve their IEQ have mostly been overlooked. Such workplaces, encompassing warehouses, stores, kitchens, and trucks are those in which most of the low-income jobs are conducted. This result opens up an equity problem as comfort currently appears to be a privilege of a restricted number of people rather than a right that should be guaranteed to all employees, independently of their salary and work position. The second result highlights the potential detrimental impact of uncomfortable indoor conditions on overall job satisfaction, especially when more than one uncomfortable condition from different IEQ aspects is reported. This outcome strengthens the importance of indoor environmental conditions in the workplace and how they might affect not only the well-being and productivity of people but also their overall evaluation of their job. In turn, this fact may foster improvements of indoor conditions by employers that wish to retain talents in their companies and create better working environments. 

The method and the associated results presented in this study show that valuable information about the IEQ in the workplace can be extracted from User-Generated Content from online job reviews. This type of feedback can be considered cheaper, globally available and less biased than occupants’ feedback conventionally collected with surveys. The use of the described method and the inclusion of additional data scraped from the web (e.g., positive comments, location and photos) could allow researchers, practitioners, and facility managers to investigate the indoor conditions in an innovative way and improve millions of workplaces worldwide. 
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