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Studies on depression in the workplace have mostly investigated its impact on individual employees. Little is
known about its association with the company as a whole, or the state where the company is based. This is
due to the lack of scalable methodologies operationalizing depression in the specific context of the workplace,
and of data documenting potential distress. In this work, we adapted a work-related depression scale called
Occupational Depression Inventory (ODI), gathered more than 350K employee reviews of 104 major companies
across the whole US for the (2008-2020) years, and developed a deep-learning framework (called AutoODI1)
scoring these reviews on a composite ODI score. Presence of ODI mentions manifested itself not only at micro-
level (companies scoring high in ODI suffered from low stock growth) but also at macro-level (states hosting
these companies were associated with high depression rates, talent shortage, and economic deprivation). This
new way of applying AutoODI onto company reviews offers both theoretical implications for the literature in
computational social science, occupational health and economic geography, and practical implications for
companies and policy makers.
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1 INTRODUCTION
Workplace depression caused by adverse working environments damages employees’ well-being,
motivation, and performance, leading to a significant loss of productivity and competitiveness
for many organizations [58]. However, despite being a pressing organizational and societal issue,
workplace depression has mainly been researched at the individual employee level, and its impact
on organizations and society remains poorly understood [105]. Furthermore, the lack of a specific
approach to assess the depressive symptoms that employees experience in the workplace led to
overgeneralized examinations of depression, which have limited relevance to the organizational
context [10]. Typically, to assess employees’ mental health problems, a company would administer
tailored surveys that capture work-depressive situations; due to their high cost [102], these are
often restricted to a limited pool of self-selected participants [40, 49, 51].
Our work set out to identify the factors influencing workplace depression and to assess its

association with organizations, industry sectors, and the broader socio-economic environment. It
does this through a large scale assessment of 350K geo-referenced employees reviews about 104
S&P 500 companies that is informed by the Occupational Depression Inventory (ODI) construct
and measurement scale [7].
Unlike non-workplace specific depression scales (e.g., PHQ-9 [65]) or measurements related

to work stress (e.g., burnout), the ODI is designed to quantify the severity of work-attributed
depressive symptoms through a nine-item scale. While ODI is a conceptually and methodologi-
cally robust measurement tool (as outlined in Section 3), it has not yet been applied to examine
workplace depression at organizational and societal levels. This is due primarily to the absence of
scalable methodologies operationalizing the ODI construct, and of data that honestly document the
experience of employees (see Section 2 for further details).

In tackling these significant conceptual and methodological drawbacks, our research offers three
substantive contributions to the multidisciplinary research on depression in the workplace:

• We developed a state-of-the-art deep-learning Natural Language Processing (NLP) framework
that accurately delineates the micro foundations of depression in the workplace from the
perspective of each company’s employees (Section 5), which we then empirically validated
(Section 6.1).

• We found that high ODI scores were associated with market performance deterioration
(Section 6.2). In particular, we found that companies with high ODI scores suffered from
lower online ratings and, more importantly, lower financial growth.

• We found that high ODI scores were associated with the macroeconomic context in which
the organizations operate (Section 6.4). In particular, a state-level analysis revealed that US
states that host companies with high ODI scores also manifested high depression rates, talent
shortage, and economic deprivation.

By highlighting the importance of targeted interventions and schemes that support employees’
well-being, our findings offer potential practical implications for managers and policymakers who
are interested in reducing depression in the workplace and promoting broader socio-economic
development (Section 7).

2 RELATEDWORK

NLP Research in Computational Social Science. Social media has been shown to be a powerful
tool for computational social scientists to study health outcomes [34, 63, 79, 85, 93], including
the examination of depression at individual and collective levels [31, 32]. Past NLP research in
social media studied aspects similar to ours: for example, sleep insomnia [57]; fatigue or loss of
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energy [14, 37]; social anhedonia and anxiety [17], stress levels in a variety of contexts [53, 69],
from the workplace [18] to university campuses [94]; markers of depression and mental health [32,
33, 77, 83, 86]; and even suicidal ideation [24, 25]. We refer the reader to [19] for a comprehensive
NLP literature review in the context of mental health.

Language is often seen as a powerful medium to verbalize one’s beliefs and values [5], allowing
computational social scientists to study its manifestations in the workplace. By analyzing email
exchanges, Doyle et al. [39] found that the use of language (e.g., use of pronouns) in them reflected
one’s integration in a team; for example, employees who tended to use the pronoun “I” less than
the pronoun “we” were found to be more integrated in their teams. Similarly, by analyzing the
Enron emails data corpus [61] using LSTM and BERT, Choi et al. [21] found that certain linguistic
markers were predictive of the company’s fall. Researchers have aimed at capturing key workplace
behavioral markers from social media as well [30]. Ehrlich and Shami [42] studied howwork-related
social media use contributed to the social capital of employees. Such a use has also been found
to be an effective way for employers to manage their reputation [96]. For the last ten years or
so, anonymized platforms such as Glassdoor have allowed employees to share their workplace
experiences in the form of company reviews [13]. By analyzing these reviews, previous NLP research
projects captured perceived brand personality [107]; analyzed job satisfaction factors in relation to
retention and turnover [66]; and modeled workplace culture [29].

NLP methods have also been applied on text captured in clinical settings. For example, Hong-Jie
et al. [28] applied state-of-the-art deep-learning NLP methods (BERT, textual convolutional neural
networks, and hierarchical attention networks) on 500 patients’ notes taken from psychiatrists.
Similar to textual analyses, researchers employed techniques to analyze speech (e.g., acoustic
features), which complement language models through the rich information modality of audio [71].
More recently, DeSouza et al. [35] argued for NLP approaches to combine acoustic and linguistic
aspects of human language derived from text and speech to classify depression and its severity.
To sum up, this body of literature successfully mined the use of language in a variety of media

(within- and outside-organization communication channels); however, it did not focus on work-
related depressive symptoms. The main contribution of this work is a novel, principled approach
to study the Occupational Depression Inventory construct at scale, by means of NLP analyses of
employees’ reviews about the company they work(ed) for.

Psychological Constructs of Depression. To see why we opted for ODI, consider that, over the
last decades, the most popular work-contextualized construct that aims at capturing job-related
suffering is the so-called “burnout” construct [74]. Yet, this construct is plagued by definitional
problems [11, 27, 89]. For example, across different studies, burnout has been associated with
exhaustion, psychological withdrawal, or professional inefficacy [10, 11, 15], representing a catch-all
label [70], with no consensual definition available despite nearly 50 years of research. Additionally,
as there is no commonly shared medical diagnosis of burnout, the most prominent scales (e.g., the
Maslach Burnout Inventory, the Pines’ Burnout Measure) fall short to meet stringent requirements,
thus affecting their usability [98, 103]. Looking for alternatives, one would resort to PHQ-9 [65],
which is a clinically-validated screening tool for diagnosing depression. While this scale has been
demonstrated in workplace settings [78], the construct captures general depression by definition
without any specific work-contextualized items.

Since the use of the burnout construct in occupational health research and practice became
problematic [11, 27, 95] in addition to the non-workplace specific nature of PHQ-9, researchers
developed a new construct named “Occupational Depression Inventory” or, simply, ODI. While
the ODI construct was only developed recently, its measurement scale has consistently demon-
strated excellent psychometric and structural properties across studies and samples recruited in
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Table 1. The nine ODI dimensions. For all the dimensions, their sentence definitions (taken from the original
scale in [7]) and representative reviews are provided. Depressed mood, sleep alterations, fatigue/loss of energy,
and feelings of worthlessness (top part of this table) are the four dimensions upon which the AutoODI scored
the reviews and generated the ODI score. The remaining five dimensions, which are in gray at the bottom of
the table, were not conservatively considered in the construction of the ODI score as our validity analyses
demonstrated that these dimensions could not be reliably captured by our automatic textual analysis.

ODI Dimension Sentence Definition Example Review

Depressed mood “I felt depressed because of my job.” This job made me seriously depressed!

Sleep alterations
“The stress of my job caused me to have sleep
problems (I had difficulties falling asleep
or staying asleep, or I slept much more than usual).”

I slept in a couple times due to extreme stress
and insomnia, and they terminated me.

Fatigue/loss of energy “I felt exhausted because of my work.” I came into work already tired many days.
Feelings of worthlessness “My experience at work made me feel like a failure.” I constantly felt that my work was mediocre.

Anhedonia “My work was so stressful that I could not enjoy
the things that I usually like doing.”

While I enjoyed the work and being busy, there
was definitely very little work life balance.

Appetite alterations
“I felt my appetite was disturbed because of the stress
of my job (I lost my appetite, or the opposite,
I ate too much).”

I lost my job because I had to miss a lot of
work when I was sick.

Cognitive impairment

“My job stressed me so much that I had trouble
focusing on what I was doing (e.g., reading a
newspaper article) or thinking clearly
(e.g., to make decisions).”

Didn’t have what I needed most of the time in
order to do my job accurately.

Psychomotor alterations
“As a result of job stress, I felt restless, or the
opposite, noticeably slowed down—for example,
in the way I moved or spoke.”

This job caused me so much stress and anxiety.

Suicidal ideation “I thought that I’d rather be dead than continue
in this job.” I would rather get up and go to work.

the U.S., France, South Africa, and New Zealand [8, 9, 55]. ODI meets requirements not only for
“classical” characteristics such as total-score reliability, factorial validity, and convergent and dis-
criminant validity but also for scalability, monotonicity, local independence, and invariant item
responding [100].

3 BACKGROUND ON ODI
As with burnout, ODI captures work-attributed suffering. As opposed to burnout, ODI: 1) tailors
work-attributed suffering to the long-established and well-defined concept of depression; and 2)
comprehensively covers depressive symptoms, including cognitive, affective, and somatic aspects.
Specifically, ODI was developed with reference to the nine diagnostic criteria for major depression
of the Diagnostic and Statistical Manual of mental disorders, 5𝑡ℎ edition (DSM-5) [87]. As such the
ODI construct assesses nine key depressive symptoms: anhedonia, depressed mood, sleep alter-
ations, fatigue/loss of energy, appetite alterations, feelings of worthlessness, cognitive impairment,
psychomotor alterations, and suicidal ideation. Among the nine, some symptoms are more frequent
than others (e.g., depressed mood), thus having higher weights in the ODI diagnostic instrument [7].
As one can see from the sentence definitions in Table 1, respondents are invited to report

symptoms only when they feel able to clearly establish a link between their symptoms and their
work context. In three distinct samples [7], researchers found that the most frequently endorsed ODI
item was fatigue/loss of energy, and the least frequently endorsed was suicidal ideation; and that the
different ODI’s items were associated with a variety of work-contextualized (e.g., job satisfaction)
and context-free (general health status) individual-level measures, thus further supporting the
construct’s external validity.
Despite its growing popularity, to date, there has not been any research employing the ODI

construct to study depression in the workplace as an organizational- or a society-level problem, not
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(a) # headquarters in our data vs. # headquarters
in the Fortune 500 list

(b) # posts in our data vs. # residents in each state

Fig. 1. Representativeness of our company review dataset in terms of: (a) number of headquarters across
the states (AR and NE deviates from the linear scaling but are within two standard deviations); and (b) the
population in each state.

least because it is hard to capture ODI at scale. To fix this, we propose to study the microfoundations
of depression in the workplace in a bottom-up fashion, starting from employees’ reviews of the
company they work(ed) for.

4 DATASETS
Company Reviews. We collected data from a popular company reviewing site, where current
and former employees write reviews about their own corporate experiences, ranging from job
interviews to salaries to workplace culture. As of 2021, there are 50M monthly visitors on the
platform, and 70M reviews of 1.3M companies. To ensure quality reviews, the site: 1) performs
both automatic and manual content moderation; 2) allows for full access to content only to users
who register on the site and write at least one review (encouraging neutral and unbiased reviews);
and 3) allows for posting maximum one review per employee per year. Our dataset consisted of
reviews published over twelve years, from 2008 to 2020. Each review consists of a title; a ‘pro’
portion (i.e., positive aspects of the company); a ‘con’ portion (i.e., its negative aspects); a set of four
ratings on a [0,5] scale scoring the company’s balance, career, culture, and management; and a final
overall rating of the company. Since reviewers have the option to include their location, we were
able to identify the states for part of the reviews. To ensure the robustness of our text processing
method, we retained companies that had at least 1,000 reviews and were present in at least 10 states,
leaving us with a dataset of 358,527 reviews of 104 US-based companies. These reviews represented
88.7% of the original dataset, and 80% of these companies were S&P 500. These companies offer the
same level of representativeness as the S&P 500 companies in terms of geographic distribution of
headquarters across states (Figure 1(a)). Furthermore, their cumulative number of posts per state
matched state population size (Figure 1(b)).

Statistics about Companies and States. In addition to the reviews, we collected yearly stock
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Table 2. Frequency distributions and statistics of ODI and socio-economic variables at the state level. Variables
with skewed distribution (identified by the Fischer-Pearson test [62]) were log-transformed before being
used in the analysis, and were denoted with (log). The distribution plots and values are reported before the
log-transformation.

Variable Distribution Min Max Median Mean Std

ODI 0.00 100.0 35.67 38.03 21.19
Urban
Population (log) 38.70 95.0 73.75 73.37 14.59

Wealth 35015.00 75258.0 52248.50 53842.48 10101.00

Creativity 17.00 188.0 103.50 103.54 46.05

Depression 12.98 25.2 19.40 19.40 2.81

Openness 21.80 65.0 49.85 49.43 9.27

Neuroticism 30.40 79.2 49.00 50.19 10.03

growth values of the 104 companies from the Yahoo Finance Portal [4]. We also collected the values
of five state-level socio-economic indicators previously found to be associated with depression
or, on the opposite side, well-being [46, 73]. Summary statistics of these indicators are reported
in Table 2. The first indicator is urban population [2] and measures the percentage of the total
population in urban areas from the US Census Bureau. Urbanization has been associated with
high innovation levels [12] but also with mood disorders, including depression [56]. The second
indicator is wealth and is operationalized with GDP per capita, which has been previously linked
to depression [84]. The third indicator is the creativity index [46] and measures the ability of
a state to attract the so-called ‘creative class’ (composed by, for example, scientists, engineers,
poets, artists, architects, designers). It has been shown that even a small amount of creativity
helps individuals cope with stress, leading to increased happiness and better well-being [44]. The
fourth indicator is state-level depression rates obtained from [1]. The last two indicators aim to
capture personality, as defined by the five-factor model of personality, or the big five [26, 52]. This
model defines a comprehensive and reliable set of personality traits: openness to new experiences,
conscientiousness, extraversion, agreeableness, and neuroticism. We report the results for the five
traits and, based on the literature, we expect significant correlations with at least openness and
neuroticsm as both have been shown to be geographically linked to well-being [90]: specifically,
openness was linked to more experiences of awe, contributing to well-being, while neuroticism
was linked to mental health issues, compromising one’s satisfaction with life. Note that, as the
two personality indicators were available for 48 U.S. states, the personality analysis had to exclude
Hawaii and Alaska.

Ethical Considerations. This work used public and anonymized data from a popular company
reviewing site. Despite working with public data, excerpts used to support the qualitative analysis
were paraphrased, avoiding traceability and identifiability of these reviews and providing context
in readership. Statistics at company and state levels were publicly available information.

5 AutoODI: SELECTING AND SCORING ODI DIMENSIONS
5.1 Selecting ODI dimensions
Embed Sentences and Compute their Similarity. An unsupervised deep-learning framework
based on the sentence-level BERT algorithm [88] (SBERT) was developed (first block “Embed
sentences” of Figure 2).
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Review p

ODI Dimension 
Item i

Review vector vp

item vector vi

AutoODI
simt(vp,vi)

Cosine similarity 
sim(vp,vi)

yesIn 95% 
and > 
0.31?

BERT pooling

BERT pooling

SBERT

Embed sentences Compute similarity Shortlist reviews

Fig. 2. Schematic of AutoODI. It consists of three blocks, which: 1) embed both the review and the ODI
dimension’s sentence definition; 2) compute the cosine similarity between the two embeddings; and 3)
shortlist reviews by discarding those that are below a given similarity level.

SBERT is an advancement on the recent transformer-based deep-learningNLP technique BERT [36],
which is state-of-the-art in semantic similarity tasks. It has shown strong ‘zero-shot’ learning capa-
bilities, that is, it learns new language tasks or constructs with little to no labeled training data [88].
SBERT is a flexible deep-learning architecture as it can use any pre-trained language model such
as BERT or RoBERTa. We used BERT because it is designed to capture the semantic meaning of
reviews, not least because it: a) accounts for semantic aspects such as polysemy and synonyms
that word-based analyses cannot account for (e.g., in the review “This job left me feeling hollow
and unsatisifed”, the word “depression” does not explicitly appear but SBERT correctly classifies
it under ‘depressed mood’); b) incorporates “world knowledge” by being pre-trained on a large
corpus of Internet data (the whole English Wikipedia, and a large corpora of American English
texts called the Brown Corpus [48]); and, as we shall see, c) is used within ODI to integrate not all
the dimensions of the original ODI scale but only those that passed an external manual validation
(we conservatively excluded five out of the nine dimensions of the original scale). We set BERT’s
parameters to their default values, and its two hyper-parameters (i.e., a maximum sequence length
of 128 and token-based pooling mode) as per Reimers and Gurevych [88]. SBERT’s ability to learn
novel types of linguistic phenomenon makes it ideal for modeling ODI from unstructured reviews
as opposed to traditional approaches such as fully-supervised dictionary-based techniques or topic
modeling. While these approaches are still viable in certain research contexts, fully-supervised tech-
niques often require hard-to-obtain domain-specific dictionaries, while topic modeling approaches
typically require manual fine-turning of parameters (e.g., number of topics). To begin with, for each
ODI dimension 𝑖 , we computed the SBERT similarity score [88] (second block “Compute similarity”
of Figure 2) between the SBERT vector of review 𝑝 and the SBERT vector of 𝑖’s sentence definition
(spelled out in the second column of Table 1). As workplace depression has a negative valence, we
used the ‘cons’ reviews rather than the ‘pros’ ones.

QualitativeAssessment of Reviews.Out of the nine ODI dimensions, we qualitatively ascertained
which ones were correctly captured. To this end, the framework identified the 5 reviews most
relevant to each dimension: for each dimension 𝑖 , reviews were ranked by 𝑠𝑖𝑚𝑡 (𝑣𝑝 , 𝑣𝑖 ), and three
independent annotators then manually assessed the relevance of these reviews. To conservatively
retain only the dimensions that were accurately identified by the framework, we discarded any
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dimension for which the majority of the annotators marked less than 4 out of the 5 reviews as
relevant (overall, the agreement among the annotators was high, i.e., Fleiss 𝐾 = 0.75). As a result,
five dimensions were discarded. Appetite alterations, cognitive impairment, and suicidal ideation
were discarded due to their lack of sufficient representation in company reviews and, as the example
reviews in the bottom part of Table 1 show, the resulting inability of capturing the constructs at
hand. By contrast, anhedonia and psychomotor alterations were discarded because the associated
reviews were discussing general work dissatisfaction but were not necessarily discussing matters
related to these two constructs. This left us with four dimensions — depressed mood, fatigue, sleep
alterations, and feelings of worthlessness (listed in the top part of Table 1).

Shortlist Reviews. Based on these four dimensions, our framework then computed a thresholded
SBERT similarity score (third block “Shortlist reviews” of Figure 2), defined as:

𝑠𝑖𝑚𝑡 (𝑣𝑝 , 𝑣𝑖 ) =


𝑠𝑖𝑚(𝑣𝑝 , 𝑣𝑖 ), if 𝑠𝑖𝑚(𝑣𝑝 , 𝑣𝑖 ) > 0.31

AND 𝑠𝑖𝑚(𝑣𝑝 , 𝑣𝑖 )>95%(𝑖);
0, otherwise.

We chose the threshold of 0.31 as the mean SBERT similarity of the 4 dimensions left after the
previously described qualitative assessment of reviews. Since the SBERT values of the four ODI
dimensions were not equally distributed, we chose to pair the fixed generalized threshold of 0.31
with an ODI dimension-specific threshold. Based on our experiments, this latter threshold value
(denoted as 95%(𝑖)) was the 95% percentile of the dimension’s distribution, which is in line with
the threshold found in previous studies [22]. Note that, by review, we mean the con portion of
the review. That is because we were mostly interested in shortcomings (cons) rather than positive
initiatives (pros). We indeed found that, if we were to instead take pros (or combine pros with
cons together), our deep-learning framework would perform worse in the previously described
qualitative assessment of reviews.

5.2 Scoring ODI dimensions
AutoODI scored reviews for the four remaining ODI dimensions at two units of analysis 𝑢 (i.e.,
company and state), and did so to test whether the impact of work-related depression manifested
itself at both micro-level (e.g., in a company’s performance deterioration) and macro-level (e.g.,
in a state’s economic deprivation). More specifically, the overall ODI score for company/state 𝑢 is
defined as the sum of the individually quantified ODI dimensions:

𝑂𝐷𝐼 (𝑢) =
∑︁
𝑖∈𝐷

∑
𝑝∈𝑅 (𝑢) 𝑠𝑖𝑚𝑡 (𝑣𝑝 , 𝑣𝑖 )

|𝑅(𝑢) | (1)

where 𝐷 is the set of the ODI dimensions being quantified (i.e., 𝐷 = {depressed mood, sleep
alterations, fatigue, and feelings of worthlessness}), 𝑅(𝑢) is the set of 𝑢’s reviews, 𝑣𝑖 is the SBERT
vector of dimension 𝑖’s sentence definition (reported in Table 1), and 𝑠𝑖𝑚𝑡 (𝑣𝑝 , 𝑣𝑖 ) is the thresholded
SBERT similarity score between the SBERT vector of review 𝑝 and the SBERT vector of 𝑖’s sentence.

We chose to sum up the scores of the four ODI dimensions based on what previous survey-based
studies found: in [7], for example, factor analysis of the ODI dimensions indicated that they can be
used as a unidimensional measure with an explained variance as high as 0.891 (indicative of essential
unidimensionality); furthermore, the factor analysis indicated that ODI dimensions contributed
homogeneously to the unidimensionality of the measure. That is the case also in our study: all
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Table 3. Cross-correlations of the four ODI’s dimensions plus the composite ODI score at company level.

Depressed mood Sleep alterations Fatigue/loss of energy Feelings of worthlessness ODI
Depressed mood —
Sleep alterations 0.499*** —
Fatigue/loss of energy 0.565*** 0.944*** —
Feelings of worthlessness 0.720*** 0.270** 0.310*** —
ODI 0.854*** 0.833*** 0.865*** 0.706*** —
Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.005

Relative word importance

worklife balance

stress
long hours

feel like

full time

low pay

work weekend

work load

much work

dont care

minimum wage

treat like

performance review

hour shift

get fire

job security

team members

poor management

leave company

stressful work environment

high turnover rate

make feel like

management doesnt care

dont get pay

could care less

Depressed mood

Sleep alterations

Fatigue/Loss of energy

Feelings of worthlessness

0.0 0.2 0.4 0.6 0.8 1.0

Fig. 3. Top n-grams in sentences expressing ODI items. Darker colors (higher normalized TF-IDF score)
indicate greater relative relevance to an item.

the four dimensions are indeed highly correlated with the ODI score itself (Table 3), with values
ranging from 0.70 up to 0.86.

6 RESULTS
6.1 Does our machine learning method capture ODI?
We validated our deep-learning method for detecting the ODI items by establishing its face

validity. To that end, we took the three-step linguistic approach proposed in [29]. For each of the
ODI dimensions, we obtained the most frequent keywords, that is, 1, 2, 3, and 4-grams from the
reviews deemed relevant by our framework. Second, we computed the TF-IDF scores for such
n-grams, where each document was comprised of all shortlisted reviews for each ODI item. Finally,
we ranked keywords for each item based on their TF-IDF score. This allowed us to find the keywords
judged to be important for a certain ODI item by our embedding-based method. The top-ranked
keywords for the ODI items are visualized as a heatmap in Figure 3.

We observed many keywords to be highly discriminant of the specific item they were associated
with. For example, keywords ‘get fired’, ‘let go’, and ‘felt like’ ranked highly only for item ‘Depres-
sion’. Keywords ‘full-time’, ‘workload’, and ‘work-life balance’ were uniquely strongly associated
with item Fatigue. Keywords ‘minimum wage’, ‘hour shift’, ‘part time’ were ranked highly for
item Sleep alteration. Keywords ‘don’t care’ ‘treat like’ and ‘performance review’ were highly
discriminant of Feeling of worthlessness. Lastly, keywords such as ‘turnover rate’, ‘stressful work
environment’, and ‘management doesn’t care’ were associated with all the four items.
Additionally, we manually evaluated our method, and did so by extracting a representative

sample of reviews among those that AutoODI assessed to be containing markers of workplace
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depression. To make the sample representative, we randomly selected two reviews per company and
two reviews per state, ensuring no duplicates. We ended up with 208 reviews stratified by company,
and 100 reviews stratified by state, giving us a total of 308 reviews. Then, three annotators read
those reviews, and independently evaluated whether the review included mentions of workplace
depression or not. We resolved disagreements in a joint discussion round. With these binary labels
at hand, we computed: the inter-annotator reliability score, which showed a moderate to strong
agreement with a Fleiss Kappa = 0.68, and the true positive rate (i.e., the proportion of the reviews
that were singled out to contain markers of depression by both ODI and the set of annotators),
which amounted to 73%.

We evaluated these manual annotations as binary rather than with four ODI dimension labels,
since a single review can express multiple dimensions. For example, consider the following review:
“Management wasn’t the greatest. Feedback on performance was poor and poorly executed, as well
as not totally truthful. Merchandise was hardly in stock. I was asked to setup displays that were
heavily labor intensive. Hated working Sundays and was required to most of the time.”. As the text
suggests, this review expresses both ‘feelings of worthlessness’ and ‘fatigue’.2 An alternative to
the binary evaluation is a multi-label setup wherein an annotator would evaluate each dimension
independently. However, this kind of setup typically has more complicated accuracy and less
interpretable metrics [42, 72] such as Hamming distance and label density [42]. As we were
interested in studying the workplace depression construct as a whole, assessing whether our
automated AutoODI method captures all dimensions equally well is left for future work.

While AutoODI’s performance is highly satisfactory, our method also classified 72 posts out 308
(23%) as manifesting mentions of workplace depression, while the three annotators labeled them
otherwise. We manually revisited these cases to unpack why the automated method fell short, and
found that these cases comprised of cons that were not practically cons such as “good company to
work I don’t have any cons to mention about this company”, and “more flexible scheduling hours,
shorter shifts”. In particular, the last example mentions working hours (associated with fatigue),
but in a positive sense. These cases largely reflected the fact that embedding-based methods are
not accurate in terms of polarity at times [20].

6.2 Are high ODI scores associated with company performance deterioration?
There are several ways to measure a company’s success. We considered two complementary
indicators: the online ratings the company received from its employees (available from the company
reviewing site), and its financial position (measured as stock growth).

ODI and Company Online Ratings. Employees have the option to rate the company they
are reviewing based on four different facets—balance, career, culture, management, plus a fifth
company’s overall score. We thus investigated to what extent a company’s success across these
five facets could be predicted based on the company’s ODI score. We did so by first aggregating
ODI scores and ratings at company level, and by then conducting an OLS regression using our
ODI score. To ensure that the association between ratings and ODI scores is not confounded by
company popularity or general ill-feeling towards the company, we controlled for a company’s
total number of reviews and the length of negative reviews (cons). As reported in Table 4, we found
that ODI could explain up to: 40% of the variance in a company’s balance, 15% of culture, 19% of
career, 12% of management, and, 20% of the overall company rating. If one were to assume external
validity for the ODI construct, it would come as no surprise that the facet most related to ODI is
balance rather than the more general career, culture, or management. Balance reflects the ability

2Though reviews on the platform are anonymous, we paraphrased them to protect privacy.
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Table 4. OLS model predicting company ratings from the ODI score, while controlling for the total number of
reviews and the length of negative reviews (cons).

Balance Career Culture Management Company
const 74.723∗∗∗ 60.126∗∗∗ 65.001∗∗∗ 50.006∗∗∗ 65.527∗∗∗

(3.637) (3.699) (4.027) (3.709) (3.825)
ODI -0.650∗∗∗ -0.324∗∗∗ -0.344∗∗∗ -0.256∗∗∗ -0.450∗∗∗

(0.083) (0.084) (0.091) (0.084) (0.087)
Con Length 0.195 -0.309 -0.684∗ -0.493 0.180

(0.327) (0.332) (0.362) (0.333) (0.344)
Total Reviews -0.216 0.322 0.667∗ 0.481 -0.145

(0.321) (0.327) (0.356) (0.327) (0.338)
Observations 104 104 104 104 104
𝑅2 0.416 0.177 0.213 0.148 0.227
Adjusted 𝑅2 0.398 0.152 0.189 0.123 0.204
Residual Std. Error 16.467(df = 100) 16.746(df = 100) 18.232(df = 100) 16.792(df = 100) 17.315(df = 100)
F Statistic 23.710∗∗∗ 7.149∗∗∗ 9.018∗∗∗ 5.795∗∗∗ 9.775∗∗∗

(df = 3.0; 100.0) (df = 3.0; 100.0) (df = 3.0; 100.0) (df = 3.0; 100.0) (df = 3.0; 100.0)
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Fig. 4. Workplace depression and companies (a) association between stock performance and ODI scores; and
(b) ODI score distributions of industry different sectors calculated with Formula (1).

of employees to balance work and life outside the office, and, more generally, to cope with stress,
depression and anxiety [54]. Additionally, the beta coefficients for the number of reviews were low,
suggesting that a company’s score on each of the facets could be far better predicted from ODI
than from the company’s online popularity.

ODI and Company Stock Growth.We obtained stock data for 84 of the 104 companies in our
dataset, from 2009 to 2019, using the Yahoo Finance portal [4]. For each company, we calculated
the geometric mean of its stock growth during such period; we used the geometric mean since
the distribution of stock growth values across companies was heavy-tailed. The geometric mean
of stock growth is calculated as 𝐺𝑀 (stock growth[09−19]) = Π(stock growth[09−19] (𝑐))1/𝑛 , where
𝑐 is a company in a specific (ODI or review score, percentile) bin, and 𝑛 is the number of the
companies in such a bin. Error bars represent geometric standard error𝐺𝑆𝐸 (𝑠𝑡𝑜𝑐𝑘_𝑔𝑟𝑜𝑤𝑡ℎ [09−19]) =

¯𝐺𝑀 (𝑠𝑡𝑜𝑐𝑘_𝑔𝑟𝑜𝑤𝑡ℎ [09−19])/
√
𝑁 · 𝜎 (𝑙𝑜𝑔(𝑠𝑡𝑜𝑐𝑘_𝑔𝑟𝑜𝑤𝑡ℎ [09−19])). To inspect whether a company’s

financial success (measured as stock growth) was negatively associated with its ODI scores, we
plotted the geometric mean of its stock growth (𝑦 axis) against its ranking in terms of the ODI score
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(𝑥 axis) in Figure 4(a). We also included the total number of reviews in the figure to check whether
stock growth was merely associated with the company’s popularity rather than its well-being
practices. In the range top [13%, 25%] companies, the average differences in growth were not
statistically significant. Yet, those at the top 10% experienced significantly different rates. The top
10% most popular companies (in terms of number of online reviews), on average, grew by a factor
of 60.9 (GM = 4.11), while those in the top 10% most ‘depressed’ companies (in terms of ODI scores),
on average, grew by a factor of only 4.66 (GM = 1.54) in ten years. To ease the interpretation
of such values, consider the example of Home Depot, the largest home improvement retailer in
the US, which is in the top 10% popular companies. Its stock price traded at 19.04$ in 2009 and
increased by a factor of 10.48 (its 𝐺𝑀 (stock growth[09−19]) was 2.35), trading at 200.8$ ten years
later. On the other hand, Kroger, the second-largest general retailer in the US, is in the top 10%
most depressed companies. Its stock price traded at 8.9$ in 2009 and increased by a factor of only
2.73 (its 𝐺𝑀 (stock growth[09−19]) was 1.01), trading at 24.4$ ten years later. Figure 4 (a) suggests
that companies with high ODI scores have significantly lower growth compared to those with low
ODI scores — the top 5% have lower stock growth compared to the top 25%, and the difference
between these two sets is highly significant, as the error bars show. Indeed, the average growth
difference in the two sets is GM = 1.02, which practically translates into, say, KMart, at the top 5%
(company with high ODI score), plummeting from $41.2 in 2009 to $0.4 in 2019; and Amazon, at
the top 25% (company with low ODI score), growing from $87.2 to $1789.2.

ODI and Temporal Shifts.As work cultures and market labor evolve over time [41], it is important
to determine the temporal evolution of workplace depression over the fairly long period analyzed
in this research. To do so, we computed the proportion of reviews that express workplace related
depression for each year:

𝑂𝐷𝐼 (𝑦) =
| [𝑝 ∈ 𝑅(𝑦) ϶ 𝑠𝑖𝑚𝑡 (𝑣𝑝 , 𝑣𝑖 ) > 0,∀𝑖 ∈ 𝐷] |

|𝑅(𝑦) | (2)

where 𝑦 represents a year, 𝑅(𝑦) refers to all reviews in that year, 𝐷 is the set of the ODI di-
mensions being quantified (i.e., 𝐷 = {depressed mood, sleep alterations, fatigue, and feelings of
worthlessness}), and 𝑠𝑖𝑚𝑡 (𝑣𝑝 , 𝑣𝑖 ) is the thresholded SBERT similarity score between the SBERT
vector of review 𝑝 and the SBERT vector of the sentence reflecting the 𝑖𝑡ℎ ODI dimension (the
similarity value above zero in the formula means that the review has been flagged by AutoODI to
contain mentions of workplace depression).

As observed in Figure 5(a), workplace depression (measured by our AutoODI method) followed
a downward trend over the years except for the period 2013-2014. The overall downward trend
reflects the growing organizational focus on employee wellbeing [101] and of the diffusion of
workplace policies designed to promote respect and dignity [59], a healthy work-life balance [106],
and diversity and inclusion [99]. Conversely, the growth in workplace depression in the years 2013
and 2014 is consistent with the mini-recession that followed the global financial crisis of 2008 [68].
The identified trends and the possible explanations offered here provide additional evidence of the
robustness of our ODI scores, thus further confirming the negative association between workplace
depression and companies’ financial growth previously identified.
We binned ODI scores (which are individual numbers) by time intervals marking key financial

events (i.e., [2008-2009], [2009-2013], [2013-2014], [2014-2020]). We do so to compute statistical
significance. From the binned plot (Figure 5), we see that ODI was worse during the Great Recession
in 2008-2009. Furthermore, ODI decreased over time, yet improvements were not consistent over
the years but stalled during the mini recession in 2013-2014. Also, the error bars are narrowest
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(a) Yearly ODI decreased over time, indicating
improving workplace conditions.
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(b) Binned yearly ODI with statistical
significance. The error bar represents the
standard deviation of the bin’s average.

Fig. 5. Yearly ODI. It was worse during the Great Recession in 2008-2009. Overall it decreased over time, yet
improvements were not consistent over the years but stalled during the mini recession in 2013-2014. The two
recessions have narrow error bars (limited deviation from the average values).

during both great and mini recessions (the standard deviation is extremely small), suggesting that
recession has a negative impact on mental health/depression for everyone, regardless of job sector
or state. This is in line with the literature linking economic downturn and job instability during
recession to depression prevalence [75].

6.3 Are high ODI scores associated with specific industry sectors?
To examine whether work depression was mostly associated with certain industry sectors, we
conducted an ANOVA test and found that the differences in ODI scores across sectors were
statistically significant (𝐹 = 11.71, 𝑝 < 0.001). We also plotted the distribution of the ODI scores for
each industry sector in Figure 4(b). Consumer Discretionary and Consumer Staples had the highest
ODI median scores. Both sectors include direct-to-consumer retailers characterized by irregular
hours and poor work-life balanced [16, 104]. Health Care was also characterized by high scores,
but with high variability. According to [92], this is explained by: 1) the whole sector chronically
suffering from time pressure and skill shortages; and 2) the high diversity of its sub-sectors3,
which are characterized by diverse economic benefits and work-life balance expectations. A similar
analysis applies to the IT sector. The IT sector was the one scoring the lowest in ODI but, again,
with high variability, which may be explained by: 1) the high presence in this sector of what Richard
Florida called the “creative class” (“the primary job function of its members is to be creative and
innovative.” [45]); and 2) at the same time, the high diversity of its workforce, which indeed includes
“creatives” but also enlists IT support workers up to factory workers in the supply chain (e.g., in
the e-commerce business).

6.4 Are high ODI scores associated with negative state outcomes?
Lastly, we investigated whether the detrimental effects of depression in the workplace manifested

itself also at state level. We did so by computing the Pearson’s correlations between our ODI score
and three state-level socioeconomic indicators—depression rates [1], wealth [3], and creativity [46]
— plus the two personality traits of openness and neuroticism [38, 52]. In line with the expectations
detailed in Section 4, ODI was: positively related with a state’s depression rates ([𝑟 = 0.40, 𝑃 =

0.005]); negatively with the state’s GDP per capita ([𝑟 = −0.43, 𝑃 = 0.002]); negatively with the

3Biotechnology Industry, Health Care Equipment & Supplies Industry, Health Care Providers & Services Industry, Health
Care Technology Industry, Life Sciences Tools & Services Industry, and Pharmaceuticals Industry [60].
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Fig. 6. Correlations between the ODI score and US states socioeconomic variables: (a) Depression, (b) Wealth,
(c) Creativity, (d) Openness to Experience, and (e) Neuroticism.

state’s ability to attract the creative class ([𝑟 = −0.36, 𝑃 = 0.001]); negatively with openness ( [𝑟 =
−0.44, 𝑝 = 0.002]); and positively but not significantly with neuroticism ([𝑟 = 0.21, 𝑝 = 0.155]). As
hypothesized based on the well-being literature, the correlations for the remaining three personality
traits were low and statistically non-significant, i.e., for agreebleness ([𝑟 = 0.095, 𝑝 = 0.521]),
extraversion ([𝑟 = −0.092, 𝑝 = 0.532]), and conscientiousness ([𝑟 = −0.026, 𝑝 = 0.860]). These
results suggest that, in line with the literature on individual-level [43, 67] and geographic-level
effects [64, 90], ODI was related to the socio-economic variables and to the personality trait of
openness as hypothesized: states hosting companies with high ODI scores tend to suffer from
depressive symptoms themselves (suggesting a diffusion of mental health issues among the general
population), from a diminishing economic output per person, the inability to attract talent in their
industries, and the low prevalence of individuals open to new experiences (who were found to
be those who are more satisfied with their lives [90], and are more likely to be employed in the
creative industries [50]).

Since these socio-economic and personality factors interacted with each other, we then considered
them separately by predicting each of them from our ODI score, while controlling for urban
population [2]. We controlled for urban population because urban areas have been repeatedly found
to be wealthier, more attractive for talent, and characterized by individuals with high openness to
new experiences [12, 46]. We used OLS regression models and added the interaction term between
ODI and urban population. To ease interpretation, all variables were scaled between 0 and 100. As
shown in Table 5, ODI was predictive of state-level measures of depression (Adj. 𝑅2 of 0.328), wealth
(Adj. 𝑅2 of 0.359), creativity (Adj. 𝑅2 of 0.598), openness (Adj. 𝑅2 of 0.338), and neuroticism (Adj. 𝑅2

of 0.212), but in different ways. More precisely, states with higher depression rates tend to be less
urbanized (𝛽 = −0.58) and, after controlling for urbanization, to have higher ODI scores (𝛽 = 0.23).
On the contrary, wealthier states tend to be more urbanized (𝛽 = 0.63) and, after controlling for
urbanization, to have lower ODI scores (𝛽 = −0.39). Similarly, the states high in openness tend
to be more urbanized (𝛽 = 0.51) and, even after controlling for urbanization, to have lower ODI
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Table 5. OLS models predicting state depression rates, wealth (GDP per capita), creativity index, openness,
and neuroticism from a stepAIC analysis where the dependent variables are the ODI score, urban population
(logged), and their interaction term. All variables were scaled between 0 and 100 to aid interpretation.

Depression Wealth Creativity Openness Neuroticism
Intercept 85.291∗∗∗ 15.357∗ -39.678∗∗ 40.246∗∗∗ 37.842∗∗∗

(8.390) (8.932) (15.074) (7.758) (4.738)
ODI 1.037∗∗∗ 0.641∗∗∗

(0.303) (0.175)
ODI x Urban Population 0.238∗ -0.391∗∗∗ -1.273∗∗∗ -0.366∗∗∗ -0.590∗∗∗

(0.122) (0.130) (0.289) (0.113) (0.170)
Urban Population -0.584∗∗∗ 0.633∗∗∗ 1.392∗∗∗ 0.509∗∗∗

(0.118) (0.125) (0.197) (0.109)
Observations 48 48 48 48 48
𝑅2 0.356 0.386 0.623 0.366 0.245
Adjusted 𝑅2 0.328 0.359 0.598 0.338 0.212
Residual Std. Error 18.880(df = 45) 20.100(df = 45) 17.081(df = 44) 17.457(df = 45) 18.250(df = 45)
F Statistic 12.448∗∗∗ 14.145∗∗∗ 24.279∗∗∗ 12.984∗∗∗ 7.313∗∗∗

(df = 2.0; 45.0) (df = 2.0; 45.0) (df = 3.0; 44.0) (df = 2.0; 45.0) (df = 2.0; 45.0)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

scores (𝛽 = −0.36). Finally, states high in neuroticism tend to have higher ODI scores (𝛽 = 0.64), as
one could hypothesize. To sum up, wealthy, creative, and open states were associated with lower
incidences of workplace depression.

7 DISCUSSION AND CONCLUSION
As workplace depression becomes a widespread phenomenon, the early identification of the orga-
nizational factors that can adversely affect staff mental health becomes paramount to safeguard
employees’ wellbeing and productivity [97]. By adopting the ODI construct and measure, this
research examines the micro-foundations of workplace depression and assesses its potential conse-
quences at organizational and societal levels.

7.1 Implications

Theoretical Implications. Our work offers two substantive theoretical contributions. First, while
the existing literature on the use of machine learning to assess depression often presents this
phenomenon as context-free [31, 33], our research operationalizes workplace depression as the
combination of critical aspects of the organizational environment which have a direct impact
on employees’ mental health. Typical of computational social science, this operationalization of
workplace depression, which is both theoretically sound and methodologically robust, enabled us
to identify how workplace depression shapes employee perceptions and is associated with financial
performance. Second, this research contributes to the economic geography literature by examining
the impact of workplace depression beyond corporate boundaries [108]. Specifically, we delineated
the negative relationships between US states harbouring companies with high ODI scores and their
depression rates, unfavourable personality traits, and deficiencies in important socio-economic
factors such as state wealth or ability to attract the so-called creative class.

Practical Implications. Our work also has research, policy-making, and managerial implications.
First, we proposed and validated a framework to analyze mentions of workplace depression that is
underpinned by the ODI construct and measurement scale. Our framework will enable researchers
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to conduct large scale, text-analysis investigations of workplace depression in a wide range of orga-
nizational and sectorial contexts. Second, by establishing a link between workplace depression and
the wider socio-economic environment, our research offers support to policy-making interventions
directed towards promoting more flexible working environments and a healthier work-life balance.
At a macroeconomic level, states that incentivize working conditions conducive to positive mental
health could potentially enjoy advantages in terms of economic growth and attractiveness for the
creative workforce. Third, our framework and empirical insights can guide managers to develop
corporate policies that support employees and prevent those working environment conditions
that are associated with depression [47]. For example, the provision of mental-health training for
managers can have important occupational outcomes, such as a reduction in employees absence
due to sickness [76]. Furthermore, managers can deploy employee assistance programs to address
employees work-related struggles and mental health issues as soon as these manifest in order to
safeguard employees well-being and improve work satisfaction and productivity [91].

7.2 Limitations and Future Work
This research operationalizes the workplace depression construct on a large-scale dataset and
outlines how it relates to important organizational and societal outcomes. While these results shed
light on the antecedents and consequences of workplace depression, our research comes with five
main limitations that could inspire future research.

Misclassifications.While our text analysis framework is methodologically robust, it inevitably
suffered from some text classification errors, mainly due to polarity assessments in sentences.
To gain confidence in our results’ validity and reliability, we followed guidelines from previous
work [29] and assessed their accuracy with a principled mix-method assessment. Due to the
black-box nature of this model, recent work has focused on the so-called probing classifiers [6, 23],
which AutoODI could eventually integrate. Probing classifiers represent a way of interpreting and
analyzing deep neural network models of natural language processing. They identify which parts
of a neural model are responsible for certain linguistic properties (e.g., syntax, semantics), or which
parts of the input led the model to make a certain decision.

AutoODI dimensions. While our AutoODI method was able to correctly detect workplace de-
pression with a true positive rate of 74%, the method does not include all nine ODI’s dimensions.
Despite ensuring a fairly representative sample of reviews, dimensions such as suicidal ideation
were less prominent in our sample. That is because individuals do not necessarily disclose every
aspects of their lives online. In Islands of Privacy [80], Christena Nippert-Eng offers an intimate
view into people’s efforts to preserve the border between themselves and the rest of the world
(e.g., how we manage our secrets, our email conversations, or even what we disclose online in the
Internet). Despite the growing interest in online therapy services [81] and an increased awareness
of mental health issues in the workplace, many employees are less likely to disclose severe mental
health conditions on a review website. An employee who feels overwhelmed and stressed may use
words such as overworked or burnout, but not words pointing to suicidal ideation (e.g., ‘my life
is miserable and I want an end’). However, as online conversations about mental health become
less stigmatized and more data on a wider range of mental health symptoms become available, our
AutoODI model could be retrained with more and diverse samples, including all the nine ODI’s
dimensions.

Data biases. While our dataset is extensive (350K geo-referenced employees reviews), the sample
of major companies that met the minimum threshold for automatic processing is limited to 104.
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Future research could extend this sample by adopting alternative methodological approaches (e.g.,
organizational ethnography) that do not rely on published employee reviews. Additionally, these
public employee reviews suffer from population biases (e.g., imbalance in gender, race, ethnicity,
or educational background) and self-representation biases (e.g., the desire to portray one’s self in
a particular way, thus not necessarily disclosing ‘the whole truth’) [82]. However, despite such
biases, these publicly available reviews allowed us, for the first time, to operationalize the ODI
construct at scale.

Data representativeness. At an aggregate level, some sectors (e.g., IT) may attract more employee
reviews, thus potentially influencing the representativeness of our dataset. To address this issue,
we examined the industry sector distribution of the S&P 500 companies and demonstrated that
our data does not over-represent any given sector. We also examined the issue of data representa-
tiveness at the state level and, in Figure 1, showed that: 1) the official state population size scaled
linearly with the number of employees aggregated at state level in our data; and 2) the number of
officially registered companies in each state is almost perfectly correlated with the number of state
headquartered companies extrapolated from our data.

Causality. Given the structure of our dataset, we could not probe the causal relationship between
workplace depression and the wider socio-economic outcomes examined. Future research should
assess whether limiting the insurgence of workplace depression directly produces desirable socio-
economic results (e.g., state wealth), whether more favorable socio-economic conditions reduce the
likelihood of workplace depression, or whether the two causal effects operate concurrently in a
self-reinforcing cycle.

Reproducibility. To facilitate the reproducibility of our methodology, all the company-level and
state-level ODI scores plus the code have been made publicly available in an anonymized manner.4
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