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1 Introduction
Online social networks play a significant role in many aspects of people’s lives, and their careers are
no exception. People increasingly engage with social media for various career-related reasons, from
skill development to job search [39, 70, 80, 86, 89, 105, 106, 108]. Besides professional activities, many
people rely on social media to seek emotional support when going through career-driven hardships,
such as unemployment [57, 99]. In online settings where there is greater anonymity, individuals are
likely to disclose personal and sensitive information related to physical and psychological health,
which they might not otherwise freely reveal to their friends, colleagues, or managers [55]. While
people may be reluctant to self-disclose health-related matters (including mental health), employers
and organizations need to be cognizant of workers’ well-being concerns [35]. At the individual
level, health problems can affect many aspects of one’s life, including mental health [128], physical
health [136], and lifestyle [68]. At the organizational level, health problems in the workforce can
lead to reduced productivity, lower work quality, and turnover, which can introduce tangible and
intangible costs to organizations [85].

Understanding workers’ challenges and well-being in the context of the labor market has been
a key topic of interest in Social Computing communities. Previous research in these fields has
examined the impacts of technology and Artificial Intelligence (AI) on future employment
[22, 174], workforce stress level [113], and work-life balance [74], just to name a few. Additionally,
researchers have explored well-being differences across various socio-demographic groups, such as
gender, age, and race [9, 10, 167]. For instance, previous research [83] found that regularly working
from home can increase daily fatigue and work-to-family conflict for women more than for men,
whereas the ability to take time off during the day for personal reasons can reduce job stress for
both genders. The results of another study revealed that there were differences in the levels of
occupational stress experienced by Information Technology (IT) workers of different ages, with
younger individuals reporting higher levels of stress than older ones [84].

Previous studies on worker well-being have mainly relied on self-reported data collected through
surveys and questionnaires [9, 18, 121]. Collecting such data is costly and time-consuming when
conducted frequently, resulting in limited temporal granularity for timely interventions [181].
Additionally, due to the cost and complexity of these methods, surveys are often administered to
small samples that may not represent marginalized groups. As a result, findings based on these
samples may not generalize to broader populations [32].

Inspired by growing interest in workers’ challenges in a fast-evolving labor market, we assess
workers’ well-being across topics such as job search and skill development using large-scale social
media data. Although our work is motivated by broader discussions of the Future of Work shaped
by technological change, our empirical analysis centers on Reddit discussions of IT-related skills,
occupations, and labor-market experiences, rather than on artificial intelligence technologies
themselves. More specifically, we study the well-being of workers in the IT-related fields, also
known as “information workers”, who are among the most stressed [121]. Information workers are
those who deal with data and information to perform their daily jobs, e.g., software engineers and
business analysts, “instead of dealing with physical objects of labor1”. The broader objective of our
work is to examine how online social network data can be used to understand the challenges faced by
information workers and how such challenges relate to their well-being. On this basis and using over
700,000 unique Reddit posts related to the IT domain, we address the following research questions:

—RQ1: What labor market-related issues are information workers expressing in online communi-
ties? To address this question, we develop a codebook representing labor market topics in the
collected Reddit data. We use this codebook to identify labor market topics in online posts.

1https://www.igi-global.com/dictionary/information-worker/14587
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—RQ2: What are information workers’ well-being concerns that are shared in the labor market
content posted in online communities, and how are they expressed, when considering gender and
age groups? We utilize natural language processing (NLP) techniques to infer workers’
gender and age. To assess how workers’ well-being varies across gender and age groups, we
examine linguistic and psycholinguistic differences in labor market–related discussions.

The findings of this study can inform human resource policymakers in both academic and
industry settings by highlighting challenges experienced by workers in the knowledge economy,
including differences across gender and age groups. By leveraging insights derived from online
discourse, organizations in the IT sector can more proactively develop policies and interventions
that help workers manage stress, support well-being, and improve job performance.

This article makes the following contributions:
(1) We identify the types of support information workers seek in online social communities

and quantitatively analyze labor market–related challenges expressed across career stages,
gender, and age groups.

(2) We characterize information workers’ concerns and psychological well-being across demo-
graphic groups through linguistic analysis of online community discussions.

(3) We situate our findings within prior research to assess their consistency with established
empirical studies.

Privacy, Disclosure, and Researcher Perspectives. Our research team comprises researchers holding
diverse gender, racial, and cultural backgrounds, including people of color and immigrants, and
holds interdisciplinary research expertise in social computing and related fields. This work utilizes
public data available on Reddit without direct interaction with users; however, to protect the privacy
of the individuals in our dataset and prevent reverse identification, we anonymize all usernames.
To reduce traceability while still providing adequate context for our findings, we also paraphrased
authors’ quotes and deleted any individually identifying information when reporting quotes in this
article and elsewhere. We acknowledge that in this study, we only considered users who identify
themselves as female or male, disregarding a wider, more inclusive spectrum of gender identities.
Further significant effort has to be made to protect marginalized communities from harm and to
accommodate a wider variety of gender identities. We provide a more detailed explanation of the
ethical and privacy considerations in Section 6.

2 Related Work
2.1 Psychological Well-being of Workers
One of the important factors to consider when studying labor market dynamics is its impact on
workers’ well-being. Well-being is a diverse concept that interconnects one’s physical well-being,
psychological well-being, and mental health [3]. According to [75], workers’ well-being is “that
part of an employee’s overall health that they perceive to be determined primarily by work and can
be influenced by workplace interventions”. Understanding workers’ well-being is essential due to
the tangible and intangible benefits that it has for employees and their employers. For example,
prior studies showed a significant positive relationship between workers’ well-being and their
productivity and a negative relationship with employee turnover [92]. As such, a growing research
direction is focused on studying workers’ well-being [29, 132, 142, 146, 165]. For instance, prior
studies have shown that technological advancements enable workers to have a flexible work
environment that gives employees control over where and when they work, which positively
correlates with their well-being [74, 87]. Other research has explored the negative effects of
information and communication technologies on workers’ well-being, especially work-related
stress. For instance, technology can noticeably increase the mental load of individuals. For example,
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employees’ inability to unplug themselves fromwork leads to a blurred boundary between work and
life [166].

More specifically related to IT job settings, various researchers have focused on understanding
information workers’ stress, mood, and cognitive load under differing circumstances, e.g., during a
technical job interview [13, 121]. For instance, [9] explored whether the well-being of IT employees
is different across age and gender groups.

Considering workers’ well-being has received special attention in recent years [23, 26–28, 30,
31, 60, 77, 99, 134, 140, 165, 182, 183]. Notably, [76] evaluated the discrepancy between employees’
subjective well-being and their objective well-being. The authors collected self-reported data
related to emotions from 15 IT workers through a diary study every half an hour, and employees
automatically labeled emotions using their facial expressions by utilizing an Automatic Emotion
Recognition (AER) tool every microsecond. The results showed the inadequacy of AER tools
for correctly detecting employees’ emotions without considering self-reported emotions. These
authors further analyzed emotional differences between men and women and found sadness to be
the dominant emotion for women compared to men, who expressed a combination of emotions,
such as happiness, sadness, and anger, in their diary self-report emotions.

2.2 Assessing Workers’ Well-being via Social Media
People across the globe use social media to express their emotions, share information about their
health, seek social support, and record their interests, among other activities [63, 143]. Evidence
suggests that an increasing number of people rely on the Internet to gain information related to
mental health and well-being [5, 127]. However, a recent systematic review states that online user-
generated content is still a novel technique for evaluating people’s well-being, which is receiving
growing attention in recent years [148].

Research has examined the effectiveness of online social media data in understanding mental
health self-disclosure concerning psychological stress [63, 139], self-harm, e.g., suicide [152], anxiety
[44], and depression [64, 66], to name a few. For example, [145] utilized X (formerly Twitter) data
to quantitatively measure the impact of the COVID-19 pandemic on people’s mental health by
exploring how one’s psychological concerns have evolved during the pandemic. [173] collected
tweets posted by college students in different universities located in the United States to shed light
on the mental well-being of students by analyzing how they express their needs and concerns. [111]
took one step further and provided insight into the topical and linguistic features that can help
understand mental health by leveraging Facebook private messages. Other researchers have also
validated the effectiveness of social media data for predicting the mental health of individuals [146].

In the context of the labor market, prior studies have utilized social media data to examine well-
being and mental health on a variety of topics, such as unemployment [57], job satisfaction [147],
organizational culture [165], and role ambiguity [142]. For example, [181] measured and predicted
job burnout on a Chinese social media network called Weibo. The authors explored the relationship
between job burnout and users’ linguistic and semantic preferences in content posted on Weibo, the
frequency and timing of the posts, and finally, the interaction between each user and their network.
The authors’ findings suggest that before the burst of burnout, workers generated more content,
and their language styles, such as terminology selection, were different from other groups without
experience of burnout. [57] applied a mixed methods approach to model topics expressed by workers
on Reddit about unemployment and explored the emotions that workers revealed for each topic.

2.3 Technologies and Digital Data to Support Workers’ Well-being
Social support can help people overcome difficult situations, which positively impacts individuals’
well-being [47, 157]. Interviews of 28 individuals who went through major transitions, e.g.,
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relocation, job loss, or career change, revealed that the support received from unknown networks
was more effective than the support provided by known ties [185]. Through a mixed methods
study consisting of a survey and semi-structured interviews, [42] showed the important role
of community support in up-skilling, job search success, income improvement, and well-being
enhancement of those who were experiencing financial hardships and poverty. Similarly, [69]
emphasized the relationship between social support and success for those under-resourced
entrepreneurs who feel the need to conduct their business using digital tools. Other scholars have
designed a variety of tools to provide social and emotional support for community members in
an automated way to improve their well-being [110, 161, 175].

Research has also investigated the importance of social and emotional support on workers’
well-being [62, 88, 149]. An investigation including 867 IT professionals revealed that support
from managers for their workers’ job autonomy, e.g., to work remotely, greatly reduced workers’
psychological and physical distress [112]. Other scholars have emphasized the role of social support
during workers’ different life stages, such as lifelong learning [91], unemployment [99], and post-
college transition [60]. With the increase in the popularity of online social media, researchers have
explored the utility of online communities as a source of social support [7, 82]. For example, [127]
applied a mixed-method approach to explore how young people leverage the Web to seek help.
[186] utilized machine learning and psycholinguistic analysis techniques to investigate veterans’
needs and the type of support they receive from an online community.

2.4 Automated Detection of Social Media Users’ Psychological Well-being
In contrast to the work mentioned earlier on workers’ well-being, another strand of research
focuses on applying machine learning methods to identify and classify online content regarding
users’ psychological well-being [8, 71, 72, 78]. For example, [157] explored the congruence between
community mental support and users’ linguistic alignment. To identify the expressed mental health
issues, the authors applied a clustering technique called k-means on Reddit data to detect the overall
psychological issues, followed by a semi-open coding technique to verify and label the groups. To
detect tweets with self-disclosure information about schizophrenia, [157] applied NLP to detect
posts with explicit mentions of schizophrenia disorder, i.e., being diagnosed with schizophrenia.
Then, they trained machine learning models to expand their dataset by classifying more posts
within these mental health categories.

Since machine learning-based methods are often data-hungry and require labeled data, another
widely used technique in this space is the utilization of psychological lexicons, such as Linguistic
Inquiry and Word Count (LIWC), which allow for the curation of large-scale labeled datasets
[150]. For example, [57] applied an emotion lexicon to detect emotions such as sadness, embar-
rassment, and rejection among Reddit users in the context of unemployment. Other researchers
detected psychological stress, i.e., anxiety, frustration, and anger, using Reddit, Facebook, and X
via a lexical list of terms [60, 63]. [158] combined lexicon-based features of LIWC and N-grams
(N = 1,2) to train machine learning models to predict possible anxiety disorders of Reddit users.
For instance, [144] used LIWC features and machine learning to study how community support
affects users’ psychological change on Talklife, and [186] applied LIWC to analyze Reddit posts
and identify Veterans’ needs and the support they received from the community.

3 Collecting IT-related Data from Social Media
This article studies information workers’ well-being as expressed on a community-based social
network, namely Reddit. Reddit is one of the largest online communities, with more than 100
thousand active forums and over 22 billion posts and comments as of December 2024.2 One of

2https://www.redditinc.com
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Table 1. List of ISCO IT Skills

objective-c cyber security javascript elasticsearch git sparql
chatbots mobile marketing photoshop business intelligence jquery scrum
angular tensorflow agile deep learning java cobol
tableau sql server xquery software testing iot docker
ansible neural networks sass machine learning vagrant xcode
data protection 3d modeling ai cloud computing python saas
joomla coffeescript c# artificial intelligence reactjs swift
apache kafka programming Ruby apache spark php linux
graphql windows phone mysql cloud technologies unix c++
datamining cassandra django computer vision scala nosql
postgresql virtualization robot software development mongodb database
matlab web design css data engineering devops sql
googlecloud typescript .net project management aws haskell
vbscript data analysis opencv adobe illustrator

the contributing factors to the popularity of Reddit is that users can anonymously express their
opinions on a given topic [6]. Users are afforded a lenient character limit per post (up to 40,000
characters), significantly more than other social media platforms, such as X [158]. Additionally,
Reddit data can be easily analyzed using an official API [91] or the Pushshift Reddit dataset [11].
Therefore, many scholars rely on the rich user-generated content from Reddit to answer various
questions, from mental health [33, 139, 141] to the labor market [55, 57, 105, 106]. Similar to prior
studies, we leverage Reddit data to address the research questions described in Section 1.

To collect Reddit data for this study, we first curated the list of IT skills from the International
Standard Classification of Occupations (ISCO), which is a tool for global labor market reporting
[12] (Table 1). Then, we downloaded Reddit posts from Pushshift,3 which were posted between
January 2015 and August 2019. The Pushshift dataset, which is frequently updated, provides a
comprehensive archive of Reddit data that contains posts and comments from almost all public
subreddits since 2005 [11]. Unlike Pushshift, accessing historical data is not possible through the
official Reddit API. While Pushshift also provides an API, we downloaded monthly dumps of data
to avoid a delay in data collection due to the query limit imposed by the Pushshift API. Next, we
conducted text pre-processing on the obtained data to optimize retrieval effectiveness based on the
collected IT skills.This included lowering the case, deleting stop words, and stemming. Note that, we
only included Reddit posts that were written in English and contained one of the IT skills keywords
in their title or body and did not have the tags “deleted” or “removed”. We also removed posts
from the same author, title, and body of the post. The above steps led to a collection of posts in all
subreddits that contained at least one of the IT-related keywords. Then, through an iterative process
involving extensive re-evaluation, we curated a list of subreddit names primarily featuring posts
related to technical skills. We then removed subreddits exclusively dedicated to news, academia,
or recruitment, and non-technical topics such as “r/relationship,” “r/depression,” and “r/starwars”.
As a result, we collected 787,398 unique posts in 546 subreddits, posted by 417,983 unique users.
We provide more details on the motivation behind our data collection strategy in Appendix A.

3.1 Characteristics of the Reddit-derived Sample Using Observable Proxies
Because Reddit does not provide demographic metadata, we assess the composition of our sample
using observable behavioral and contextual proxies. Table 2 summarizes key properties of our

3https://files.pushshift.io/
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Table 2. Characteristics of the Reddit-Derived Sample Using Observable Proxies for Representativeness

Dimension Proxy Used Distribution in Dataset Interpretation
Subreddit type Topical clustering of

communities
45% learning-oriented; 30%
professional technical; 20%
specialized domains; 5%
consumer technology

Coverage of multiple
career stages and technical
roles; primarily
work-related discourse

Posting volume Posts per user Mean = 1.88; 85% (1–2
posts); 13% (3–10); 2% (>10)

Highly skewed
participation is typical of
large online communities

Participation
breadth

Unique subreddits per active
user

Mean = 3.11; Median = 3 Indicates cross-community
engagement across
technical topics

Engagement
level

Comments, and score per post Median comments = 7;
Median score = 4

Posts generally received
interaction, indicating
visibility and relevance

Geographic
proxy

Self-disclosed location (n =
1,500 sample)

10% North America; 3%
Europe; 1% Asia; 1% South
America; 85% unknown

Suggests North American
and English-speaking bias

dataset, including topical communities, user activity levels, engagement, and available geographic
signals.

To approximate occupational coverage, we grouped subreddits into four high-level topical do-
mains that correspond to segments of the IT ecosystem: learning-oriented communities, professional
technical communities, specialized technical domains, and general consumer-technology forums.
Learning-oriented communities, including programming education and introductory forums, con-
stitute the largest share, approximately 45%, indicating strong participation from students and
early-career workers entering the IT pipeline. Professional technical communities, 30%, cover
software development, IT operations, cloud infrastructure, and data science, suggesting substantial
representation of practicing professionals. Specialized domains, 20%, capture fields such as cyberse-
curity, mobile development, hardware engineering, game development, and UX/design, reflecting
niche expertise areas. General consumer-technology forums, 5%, are comparatively small, implying
that discussions are primarily related to work rather than hobbies. In general, this distribution
mirrors the layered structure of the IT workforce, which includes trainees, practitioners, and
specialists.

User activity was measured using posting volume, participation breadth, and engagement out-
comes. For each author, we computed total posts, the number of unique subreddits participated
in, and cumulative engagement metrics (comments and scores). The distribution is highly skewed
toward low-frequency contributors: 85% of users posted one or two times (casual contributors), 13%
posted 3–10 times (moderately active), and 2% posted more than 10 times (highly active). The mean
number of posts per user is 1.88, consistent with the participation inequality observed in large
online communities. Moderately to highly active users participated in an average of 3.11 unique
subreddits (median = 3), indicating cross-community engagement rather than confinement to a
single forum. Engagement metrics show that posts typically elicited community response (Median
comments = 7, Median score = 4), suggesting that discussions were visible and interactive rather
than ignored content.

Because explicit location data are unavailable, two researchers manually examined a random
sample of 1,500 posts for self-disclosed locations. Among identifiable cases, approximately 10%
referenced North America, 3% Europe, 1% Asia, and 1% South America; the remaining 85% contained
no geographic information. The predominance of North American references aligns with publicly
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reported platform demographics4 and the English-language nature of the sampled communities.
Consequently, the dataset likely overrepresents English-speaking IT workers and underrepresents
regions where Reddit usage is lower.

These proxies suggest that the sample captures multiple strata of the information work-
force—trainees, general practitioners, and specialists—rather than a single niche population. The
strong presence of learning communities corresponds to the large global pipeline of aspiring devel-
opers, while the substantial share of professional and specialized forums reflects established roles
across software engineering, infrastructure, and security. However, the North America–leaning
geographic signal and voluntary participation imply potential biases toward workers comfortable
discussing workplace issues publicly in English. We, therefore, interpret the dataset as broadly
representative of the online IT discourse ecosystem rather than statistically representative of the
global IT workforce. Limitations and implications for generalizability are discussed in Section 6.4.

4 ResearchQuestion 1: Modeling and Analyzing Information Workers’ Challenges on
Reddit

4.1 Identifying Labor Market Topics on Reddit
To identify the topics discussed in Reddit posts, as suggested in [89, 91, 95], we created a codebook
following a bottom-up process called inductive coding [168]. The inductive approach is a qualitative
coding process where the topics are derived from raw data by a close reading of the text [168].
Using this approach, researchers can iteratively and systematically create and refine conceptual
categories until they adequately represent the thematic view of the observed data [21, 170]. We
randomly sampled 500 Reddit posts out of 787,398 to develop the codebook. Then, two researchers
individually coded each sample in the 500 posts based on their understanding and wrote a definition
for each observed code. In approximately 20% of the cases, the researchers assigned two codes to
the text when they identified the presence of more than one topic. Then, the two researchers sat
together and went through each of their codes in detail. As part of this process, they re-assessed
their codes and grouped some conceptual categories to represent a broad category. After this step,
only one code was assigned to each post. This step led to a preliminary codebook that reflected
labor market-related topics.

After forming the conceptual categories, the researchers verified the obtained codebook by
coding another 50 Reddit posts. A list of these codes and a detailed description of them can be
found in Table 3. Finally, the two researchers coded another 450 sampled randomly posts to assess
how similar their interpretations were. In doing so, a high average Cohen’s Kappa coefficient of
0.91 was obtained. Using this codebook, the two researchers manually coded a random sample
of 1.5% (11,854) of the entire dataset. When researchers were unsure about a specific label for a
post, they debated the options. We report the frequency of observed topics in the labeled dataset in
Table 3. While our data is dedicated to IT topics shared in more than 400 subreddits, we find similar
topics to those found by [57] on “r/Jobs” and “r/GetEmployed” subreddits. To investigate whether
IT workers’ challenges remain the same or change over time, we applied the same steps to data
from a different time frame. The results from this analysis are reported in Appendix B. We then used
the qualitatively coded data to build machine learning classifiers to label the remaining 775,544
Reddit posts in our dataset. The details of these classifiers are described in the following section.

4.2 Building a Machine Learning Classifier of Labor Market Topics
To extract the labor market topics in Reddit posts at scale, we built machine learning classifiers
on the annotated dataset. As shown in Table 3, we observed that the most frequent topics in our

4https://www.alphr.com/demographics-reddit/
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Table 3. Codebook of Common Topics Derived From Reddit Posts Discussing IT-Related Topics

Topic Definition Example Posts
Skill
Development

Gaining popular skills and degrees in the labor market;
offering people help in skill development or picking up a
new tool; posting about how endless the field is, and
how much there is to learn.

The website I designed looks
like shit, how do I improve it

Job
Application/Job
Search

Looking for resources to help with job searching, such as
networking opportunities; seeking suggestions and
feedback for enhancing resumes or interview techniques;
things to do while searching for a job, such as
volunteering.

I’m very anxious about
getting my first programming
job. Any advice or resources
to help me get started

Education Seeking advice for a university major/minor; Changing
fields of study; discussing the cost of education; seeking
advice on persuading more degrees, i.e., a Ph.D.; getting
advice on getting back to school, obtaining the required
skills to enter grad school; complaining about a
degree/school; grades/school failure stories; discussing
admission to the university; admission applications; how
to improve in university to find a job.

If you’re paying for graduate
school in a STEM field,
you’re doing it wrong. I think
I might be doing it very
wrong, help [..]?

Employmen-
t/Job Concerns

Wages vs. work effort; hostile/unethical work
environments and strategies for improving them; job
burnout and decreased job satisfaction; benefits;
work-life balance; underpayment; conflict with
co-workers over technical ideas; people who got fired
and talk about their experience (not currently doing a
job search); getting hired for one position but being
asked to take on other responsibilities.

Work a steady IT job but a
miserable creative

Decision
Making

Making career decisions and finding light when they are
lost; coming up with a name for a job title if already
employed; getting a job or academic degree; finding the
education path that leads to the best career option in
the future; making decisions on whether to leave a job
for another when the job offer is received; accepting a
job offer or rejecting it.

What career(s) involve
problem-solving in politics?

Career/Industry
Change

Thinking about changing the current job due to personal
reasons; seeking advice to change the current industry;
learning new skills to change a career; catching up with
new skills to switch jobs; discussing resignation when
there is already a job offer to change the job.

Considering a career switch,
currently overwhelmed and
underpaid.

Technical
Challenges

The problems that learners or workers face in learning or
applying a skill.

Problems booting HDD -
Linux noob needs help.

Qualification Being over- or under-educated/experienced; Not being
able to apply/perform jobs because of a lack of certain
skills; discussing mentioning imposter syndrome; feeling
unqualified to apply for other jobs or enter the job
market; worrying about getting poor performance
reviews as a result of bad work; worrying about skill
transfer if I switch to another job.

I failed college, am kinda lost,
and have no job. Any advice?

Health Posts related to information workers’ mental and
physical health.

A three-time college dropout,
anxiety troubles, and feeling
apprehensive about the
future.
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Table 4. Performances of the Best Machine Learning Model for the Topic
Classification Task Based on the F1-Score

Topic Precision Recall F1-Score

Job Applications/Job Search 0.77 0.78 0.77
Skill Development 0.84 0.85 0.85
Employment Concerns 0.73 0.83 0.78
Education 0.79 0.79 0.79
Other 0.91 0.87 0.89
Weighted Average 0.85 0.85 0.85

The weighted average for all the topics is reported at the end of the table.

collected IT-related posts were “Skill Development”, “Job Application/Job Search”, “Education”,
and “Employment/Job Concerns” with 32.47%, 17.75%, 12.57%, and 11.80% frequencies, respectively.
Although all identified topics are equally important in understanding information workers’ needs
and concerns, since machine learning models are data-hungry and not all topics had sufficient
sample size, we had to focus on the ones with a satisfactory amount. Therefore, we trained our
machine learning models on these four topics.

To select the best-performing machine learning classifiers, we explored different classifiers, such
as Logistic Regression (LR), Random Forest (RF), and Linear Support Vector Classifier
(SVC). We trained these models on term frequency-inverse document frequency (TF-IDF)
vectors of Reddit post titles and bodies. The GridSearchCV from the Sklearn library was used to tune
the hyperparameters. Additionally, we fine-tuned bidirectional transformers, such as BERTbase
(12-layer, 768-hidden, 12-heads), and XLNetbase (12-layer, 768-hidden, 12-heads), which are already
trained on a large corpus of English data. To fine-tune BERTbase and XLNetbase, we set the batch
size to 16, the learning rate to 2𝐸 − −5, maximum sequence length to 512, and used the ADAM
optimizer. We utilized a k-fold (k = 5) cross-validation approach on our labeled data (11,854 posts) to
assess the performance of our classifiers. Table 4 reports the accuracy metrics of the best-performing
classifier. The XLNet classifier performs the best in predicting each topic and has the best overall
accuracy (F1-score = 0.84). By comparing our results to similar studies that trained machine learning
classifiers to explore a variety of phenomena using online data, we noticed that the accuracy of
our best model is within the range of [70-90], which is the median reported performance in the
literature by prior scholars [32, 157, 181]. For example, the accuracy of the neural-based model
in identifying user engagements on Amazon.com and TheGuardian were reported at 0.76 and 0.71,
respectively [131]. Similarly, [141] achieved a median precision of 0.75, a median recall of 0.74,
and a median F1-score of 0.75 in an attempt to train a binary Neural Network classifier to detect
the Reddit posts that contained any sign of stress from members of the LGBTQ+ group.

We use XLNet to label our entire dataset. We summarize the performance metrics of the other
trained models in Table 15 (in the Appendix). By applying XLNet, 6.60% (51,987 out of 787,398)
of posts were labeled as Skill Development, 2.3% (18,061 out of 787,398) of posts were labeled as
Job Applications/Job Search, 2% (15,600 out of 787,398) of posts were labeled as Education, and
0.53% (4,198 out of 787,398) of the posts were labeled as Employment/Job Concerns. The rest were
labeled as “other”.

4.3 Detecting Information Workers’ Themes around Most Discussed Topics on Reddit
As discussed in Section 4.2, most information workers posted about four major topics, namely,
Skill Development, Job Applications/Job Search, Education, and Employment/Job Concerns. In
this section, we systematically review information workers’ themes around the most discussed
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Table 5. List of Labor Market Topics and the Most Discussed Terms in Each Topic across Our Reddit Dataset
Expressed by Information Workers

Labor Market Topics Top 40 Terms
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topics on Reddit. To get insight into the themes identified in the Reddit posts, we first conducted an
exploratory data analysis. To do so, we first applied an unsupervised phrase extraction technique,
namely the Rapid Automatic Keyword Extraction (RAKE) algorithm [135], to retrieve the most
frequently mentioned phrases within the Reddit posts. We reported the top-mentioned phrases
in each topic in Table 5. Based on Table 5, we noticed that some of the most frequent terms, i.e.,
“learn”, “start”, “job”, and “experience”, are common in all of the labor market topics. However, some
terms were highly discussed in particular topics. For example, “team”, “people”, and “busy” were
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the most frequent terms in the Employment/Job Concerns topic, while “research”, “university”, and
“graduate” were discussed the most in the Education topic.

To comprehensively examine the key themes that are present in each topic, we applied a mixed
methodology. First, we extracted all 𝑛−grams (n = 2,3) from Reddit posts in each labor market
topic along with their 𝑡𝑓 − 𝑖𝑑𝑓 score. Then, we performed an unsupervised clustering technique,
namely K-means [65], to aggregate the 𝑛−grams into groups based on their content similarities.
Then, two researchers reviewed a 5% random sample of the Reddit posts that contained any of the
𝑛−grams in each group and discussed the theme that the posts presented. The final themes and the
top 𝑛−grams that represent each theme in each labor market topic are illustrated in Table 6.

By analyzing the explored themes in Table 6, we noticed the prevalence of learning discussions
in all labor market topics among information workers. This prevalence is consistent with prior
research highlighting the enduring popularity of learning in this context [105]. We observed that
these posts were mainly written by workers who were either in the process of entering the job
market or were already employed and were looking for resources and tips to upgrade their skills.
For example, one of the workers who was looking for a job as a computer programmer wrote “I
have a degree in criminology, but I am learning to program from home [..]”. Another worker who
discussed Employment/Job Concerns wrote “I work in a company with a tight budget. My supervisor
asks me to take the time to learn and understand what I’m doing, but we are low in staff, and I don’t
have time for learning and improvement [..]”. Such examples highlight the importance of learning in
the labor market.

As mentioned by prior researchers, workers in the knowledge economy are required to be lifelong
learners who continuously learn, re-learn, and unlearn to stay employable and in demand [106].
Lifelong learning is a continuous process that happens everywhere in different contexts throughout
life in a formal or informal setting [51]. Formal learning relates to a structured educational model
designed and run by a predetermined curriculum in a setting that requires students, teachers, and
institutes where certification or degrees will be issued upon completion of the program [37]. In
our dataset, the Education topic represents content around formal learning activities. Informal
learning, which is 70–90% of human learning, occurs outside institutes, e.g., through workshops or
training, where students do not need to interact with teachers, duration, and goals might vary, and
a certificate may or may not be given [93]. In our dataset, the Skill Development topic refers to
the posts generated by information workers focused on obtaining a new skill through informal
learning. Thus, even though the issues of education and skill development are unique since they
both include different kinds of lifelong learning activities, it is logical that learning would be the
subject that receives the most attention in both.

The reported themes in Table 6 revealed that the inquiries related to the Skill Development
topic were focused on finding the next best course/topic to learn and tips on how/where to learn a
particular skill. For example, one of the workers who was trying to find the best place to learn a
skill wrote: “I have a full-time job but I’d like to learn programming in my spare time. I want to start
with MySQL/Python and then C. Where can I learn this? online courses? evening classes?”. Also, many
workers complained about being lost when trying to find a good starting point. For instance, one
of the workers in the process of learning mobile development wrote: “I’m struggling with where
to begin [..] Am I correct in thinking this is just too much to learn in too little time? [..] I’ve spent all
morning just trying to figure out how to add a button, but I’m afraid to touch anything”.

The themes in the Education topic indicated that the majority of the workers required help
from online communities to find the right major/minor programs that would help workers find
their desired jobs or pursue further degrees. For example, one of the workers wrote“should I pursue
a master’s degree in robotics and intelligent systems alongside my wife’s pursuit of a Ph.D. or prioritize
job stability and remain in my current role as a controls engineer?”. We also observed that workers
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Table 6. 𝑁 − 𝑔𝑟𝑎𝑚𝑠 that Represent the Most Discussed Themes in Each Labor Market Topic

Topic Final Theme Top 𝑛 − 𝑔𝑟𝑎𝑚𝑠
Skill
Development

Finding the next best
course/topic to learn

programming language learn, best programming language, learn web
development, learn new language, html cs javascript, coding boot
camp, need help finding, ai machine learning, learn machine learning,
improve programming skill, help getting started, asp net mvc, learn
programming language, need help choosing, learn asp net, good
starting point, language start learning

Tips on how/where to
learn a particular skill

best way learn, help finding good, good way start, good way learn,
good stepping stone, good starting point, good resource learning,
invest time learning, improving programming skill, improve python
skill, improve problem-solving, important thing learn, good place
learn, good programming book, need help learning, best place learn

Job
Application/
Job Search

Job interview process interview coming week, got technical interview, resume cover letter,
position require year, second round interview, cracking coding
interview, received job offer, final round interview, big tech company,
require year experience, start building portfolio

Professional and
educational
background

background computer science, recently got accepted, mid-level
developer, going grad school, college couple year, pursue graphic
design, previous work experience, bachelor degree computer, work
large company, computer science internship, went community
college, work data scientist, graduated bachelor degree, graduated
college degree

Learn Skills to land a
better job

data science course, learning web dev, learning basic python, started
learning, computer science class, good starting salary, good stepping
stone, considering going school, feel like learned, graphic design skill,
new programming language, learning web development, learning
html css

Work-life balance work-life balance, good work life, working hour week

Education Finding the right
major/minor programs
that would help
workers find their
desired jobs

need help deciding, considering going school, entry level position,
like computer science, computer engineering major, year computer
science, computer science major, computer science job, computer
science school, interested computer science, considering applying
PhD, chance getting job, land good job, learn computer science, time
finding job, bachelor degree work, time job work

Learning a new subject statistic machine learning, started learning programming, learn
programming language, learning data structure, taking programming
class, feel like learning, intro programming course, learn computer
science

Pursuing further
degrees

dual degree program, going graduate school, plan getting master,
engineering master degree, straight master program, master program
accounting, pursuing double major, master program worth, feel like
pursuing, going grad school, applying phd program, accepted master
program, online master program, apply master program, second
bachelor degree

Employment/
Job Concerns

Decide whether they
should stay in or leave
their current job

feeling bit lost, finding new job, getting taken advantage, good career
path, got great job, got job offer, got new job, got offered job

Micro-management micromanagement, title change, direct boss, rebooted, yelling, annual
review, old boss, good guy, taken advantage, getting fired, deaf ear,
entire office, boss say

Working overtime hour work week, hour week working, long period time, work overtime

Learning learned html cs, learning html cs, learning new language, learning
new technology, learning new thing, like learning new
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engaged with online communities to ask for support and advice regarding future employment. For
example, in the Job Search/Job Application topic, workers mainly asked questions or shared
their personal experiences about their job interview processes, their professional and educational
background, the skills that they need to learn to land a better job, and the work-life balance that
their current job provided versus the ones that they were looking for. We also noticed that workers
who successfully landed a job discussed important hints about their career, managers, colleagues,
or the projects that they were assigned in the Employment/Job Concerns topic. Some workers
posted on Reddit when trying to decide whether they should stay in or leave their current job, and
some workers disclosed information about micro-management and working overtime. For example,
one worker in a post related to Employment/Job Concerns complained about the vagueness of their
job description, which caused stress and anxiety, and the lack of support they received from their
manager in this regard: “I feel like not fully understanding my scope has caused a lot of stress. I have
mentioned not understanding my scope to my manager and my team, but I received no help or support.
Now my manager is on leave, and everything is placed on me. There is zero documentation and no
help, and I am afraid of getting fired [..]”. These examples and the most discussed issues reported
in Table 5 point to some of the top challenges faced by information workers in the fast-changing
labor market, which are consistent with earlier research on the challenges of workers who are
learning new skills through formal education or self-learning [60], those trying to enter the job
market [13, 178], or workers who are already employed [142, 160].

5 ResearchQuestion 2: Well-being Concerns and Their Expression across Information
Workers’ Genders and Ages

In the second research question, we examine information workers’ well-being concerns as reflected
in their posts and compare their linguistic characteristics across different gender and age groups.
We specifically study linguistic differences in terms of two sub-research questions, namely, (RQ2.a)
language differences, and (RQ2.b) psycholinguistic differences. We will elaborate on how these
differences are estimated and our findings in the following sections. Detailed explanations of how
age and gender were extracted can be found in Section 5.1.We acknowledge that there are limitations
in how we identified workers’ genders and ages, which we discuss in-depth in Section 6.3.

5.1 Retrieving Information Workers’ Age and Gender from Reddit
Users are not required to disclose their socio-demographic data, such as gender, age, race, or
occupation, on many online social platforms. For example, users can sign up on the Reddit platform
by only providing their e-mail, a username, and a password. Researchers have applied various
techniques to study the role of socio-demographic attributes in different phenomena using social
media data. For example, to study whether females and males promote themselves differently on
LinkedIn, Altenburger et al. [4] used predicted gender labels from users’ profiles. Tifferet et al. [169]
classified LinkedIn users as female or male based on their profile pictures. To study social media
data about users’ demographics, other researchers collected social media users’ demographics
such as age, gender, race, and income through a questionnaire [59, 63]. In a recent study, [130]
identified gender by leveraging a set of keywords that represent females and males, such as “her”,
“mother”, “woman”, and “fiancee” for females and “he”, “son”, “father”, “finance”, and “brother” for
males. [16] used labeled data as a training set to retrieve the gender of unlabeled data using deep
learning classifiers, such as BERT and XLNet. According to [16], the fine-tuned BERT model can
show reliable gender prediction results in the context of information retrieval. It’s important to
note that the proposed methodology by [16] is used when there is no explicit mention of gender
in the data. Also, since the dataset from [16] consists of queries and passages taken from internet
pages or social media, their suggested methodology may be used in social media studies when
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Table 7. Performance of the Fine-tuned BERT
Uncased Model for the Gender Retrieval Task

Gender Precision Recall F1-Score

Female 0.90 0.92 0.92
Male 0.91 0.91 0.91
Neutral 0.92 0.90 0.91
Mean 0.91 0.91 0.91

there is no direct mention of gender. Therefore, in our study, to retrieve information on workers’
gender, we applied a similar methodology to [130] and [16] on our own data to curate a training
dataset and extract gender, which we will explain in the following sections.

By analyzing Reddit posts, we noticed that while individuals have the option to withhold their
gender when creating an account on Reddit, some workers decide to declare this information in
the title or body of their posts when reaching out to online communities. To do so, workers include
[F] or [M] in the title or phrases such as “I am a woman” and “I am a man” in the body of their
posts to identify themselves as female or male, respectively. Therefore, to identify information
workers’ gender in our dataset, we first applied regular expressions to select the posts that explicitly
mentioned one’s gender either in the Reddit titles or the body of the posts. For example, we extracted
posts with keywords such as “m”, “male”, “man”, “f”, “female”, and “woman”, where all Reddit content
is lowercase. Through this approach, we extracted 512 posts as male users, 3,856 posts as female
users, and 783,030 posts as others. To verify that the posts obtained through the rule-based approach
indeed contained self-disclosed information about the user’s gender, either male or female, one
of the authors manually read the Reddit posts in the male category and confirmed that 457 posts
explicitly stated the user’s gender as male. However, although the remaining 55 posts contained
male references, there was not enough evidence to suggest that the user revealed their gender.
Therefore, those 55 posts were categorized as neutral (we use the word neutral to mean that gender
was unknown). To ensure our dataset was balanced, the same author randomly sampled 1,000 posts
from the female category, of which 470 contained self-identified information about being female
and 530 included female references, but the explicit mention of the users’ gender was missing.
Therefore, those 530 posts were categorized as neutral. We then used this gathered data to fine-tune
a BERT model [36] with a batch size of 16, a learning rate of 3𝐸 − 5, 15 epochs, and the Adam
optimizer. We assessed the performance of this model by applying a k-fold (k = 5) cross-validation
technique. We report the performance of this model in Table 7. As shown in Table 5, the overall
performance of the model and also per gender is 91%. We used this model to retrieve gender from
the 89,846 posts introduced in Section 4.2. As a result of this process, we obtained 5,847 posts
submitted by female workers, 23,105 by male workers, and 60,894 posts as neutral (or undecided).
We present the breakdown of the gender in each labor market topic in Figure 1.

Similar to the gender retrieval task, scholars have tried to detect the age of users in social
media posts using a variety of methods, such as traditional machine learning models and deep
learning techniques [1, 56, 114]. However, a literature review conducted by [118] on age and gender
prediction methods revealed that age prediction using language features of social media leads to
a lower performance than gender prediction. For instance, by applying deep learning algorithms
on X data, [176] could only achieve a 0.52 accuracy on the multi-class age prediction task, while
the performance of their model was over 0.91 for the gender prediction task on the same data.
Therefore, to retrieve the age of the information workers who talked about one of the labor market
topics in our 89,846 posts dataset, we applied regular expressions to only retrieve those Reddit
posts that explicitly used phrases, such as “25 years old”, “M/23”, “I’m 45 Y”, and “I turned 30”, to
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Fig. 1. Distribution of recruitment topics by retrieved gender (normalized). Light bars represent female users,
and dark bars represent male users.
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Fig. 2. Distribution of age in different groups.

name a few. In other words, instead of predicting the users’ age, we only relied on the posts with
explicit mention of the users’ age to avoid fabricated prediction results in our analysis.

According to a report by Agrawal5, 8% of the Reddit population are individuals between the ages
of 13 and 17, 45% are between 18 and 29, 40% are between the ages of 30 and 49, and 7% are above the
age of 50. Inspired by these statistics, for our analysis, we used similar groups except for breaking
the 18–29 age bracket into two groups: individuals between 18 and 24 in one group and individuals
between 25 and 29 in another. The PWC Global Workforce Hopes and Fears survey,6 which revealed
that employees between the ages of 18 and 24 had distinct demands and expectations compared to
workers belonging to other age groups, had a significant impact on the decision to divide the 18–29
age group into two units. Additionally, we noticed that in our dataset, only 0.2% of the posts were
written by users in the 50-64 age category, and 0.02% were written by users above the age of 65. As
a result of insufficient data quantity for older information workers, we merged those categories,
and we only reported them as above 30. Using this approach, we extracted 11,910 posts containing
age information. We report the age distribution for each group in Figure 2. We further present the
breakdown of the age in each labor market topic in Figure 3.

To validate the gathered data, one of the researchers randomly selected 500 posts, 100 posts in
each age group, and manually labeled them. As a result, we obtained an overall average accuracy
of 88.2% (below 18: 76%, 18–25: 91%, 25–30: 89%, above 30: 88%, and unknown: 97%). To evaluate
the potential selection bias introduced by demographic self-disclosure, we compared observable
behavioral characteristics between posts containing self-disclosed gender information and posts
without such disclosures. Engagement metrics show broadly similar interaction patterns across

5https://medium.com/$@$sm_app_intel/the-user-demographics-of-reddit-the-official-app-7e2e18b1e0e1
6https://www.pwc.com/gx/en/issues/workforce/hopes-and-fears-2022.html
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Fig. 3. Distribution across topics for four age groups (normalized).

posts with and without self-disclosed gender. Posts with self-disclosed gender received a mean of
12.82 comments (median = 6), compared to 14.36 comments (median = 7) for posts without gender
disclosure. Similarly, the mean score for self-disclosed posts was 2.82 (median = 2.15), compared
to 4.42 (median = 3.18) for non-disclosed posts. Although non-disclosed posts exhibit slightly
higher engagement on average, the differences are modest, and medians are comparable, suggesting
no substantial behavioral divergence between the two subsets. Topic distribution, approximated
through subreddit participation, also indicates substantial overlap. A total of 350 subreddits were
common to both groups, while only 13 subreddits appeared exclusively in posts containing self-
disclosed gender. In contrast, 138 subreddits were unique to the non-disclosure group; these were
predominantly professional, technical, and specialized-domain communities. This pattern likely
reflects the lower prevalence of personal self-disclosure in highly technical forums rather than
systematic differences in user populations.

A similar pattern emerges for age. Posts with self-disclosed age received amean of 14.56 comments
(median = 7), compared to 20.98 comments (median = 8) for posts where age was not disclosed.
However, score patterns show the opposite trend: age-disclosed posts had higher mean scores
(4.19; median = 2.88) than posts without age disclosure (mean = 2.91; median = 2.14). These mixed
differences suggest variation in interaction style rather than systematic engagement bias. Subreddit
coverage for age disclosure further indicates broad representativeness. Posts with age disclosure
appeared across 474 subreddits, compared to 293 subreddits for posts without age information.
Among these, 184 subreddits were unique to the age-disclosed group, whereas only 8 subreddits
were exclusive to the non-disclosure group. This asymmetry suggest that age disclosure occurs
across a wider range of communities, including both technical and non-technical spaces.

These comparisons indicate that posts containing demographic disclosures do not exhibit
markedly different behavioral patterns from posts without such disclosures. Engagement metrics
(comments and scores) are of similar magnitude across groups, median values are closely aligned,
and subreddit participation shows substantial overlap. Observed differences, such as slightly higher
comment counts in non-disclosed posts or broader subreddit coverage among age-disclosed posts,
likely reflect contextual norms of discussion rather than systematic differences in the underlying
population. Importantly, demographic disclosures appear across a wide range of communities rather
than being concentrated within a small subset of forums. At the same time, the lower prevalence of
disclosure in highly technical subreddits suggests that norms of professionalism or topic focus may
discourage personal self-disclosure in those spaces.

Because demographic attributes in this dataset are inferred only when explicitly stated, they
should be interpreted as properties of individual posts rather than stable characteristics of users.
The available evidence suggests that posts with demographic disclosures are not a behaviorally
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Table 8. Top 30 Salient Keywords as per Distinctness Scores [45]

WomenWorkers
Keyword Score Keyword Score

total-code 1.27 mother 0.73
woman 1.17 cry 0.72
female 1.17 girlfriend 0.71
home-mom 1.10 sunday 0.69
beginner 1.04 sister 0.69
complete-beginner 0.99 tablet 0.68
girl 0.96 therapist 0.67
lady 0.93 adhd 0.67
daughter 0.91 nurse 0.66
receptionist 0.89 cashier 0.66
pissed 0.81 angry 0.60
park 0.81 adult 0.60
absolute-beginner 0.81 next-day 0.60
mom 0.79 medication 0.60
secretary 0.75 ashamed 0.59

MenWorkers
Keyword Score Keyword Score

cyber-security -1.06 second-bachelor -0.78
thesis -1.06 bachelor-degree -0.78
undergraduate-degree -0.96 canada -0.78
double-major -0.95 edu -0.78
electrical-engineering -0.94 master -0.77
master-degree -0.94 phd-program -0.76
bioinformatics -0.90 hey-everyone -0.76
neuroscience -0.87 graduate-degree -0.75
diploma -0.83 minor -0.75
master-program -0.83 job-prospect -0.74
recently-graduated -0.82 electrical -0.74
computer-science-degree -0.82 public-acounting -0.72
phd -0.81 gre -0.71
mba -0.80 undergrad -0.70
germany -0.80 chemical -0.70

Bar lengths indicate the magnitude of scores; The positive scores show greater distinctness of phrases among women
workers, and the negative scores show greater distinctness of phrases among men workers.

anomalous subset of the corpus and therefore are unlikely to introduce substantial bias in anal-
yses conditioned on disclosure. However, as with all voluntary self-disclosure data, the sample
may underrepresent contexts in which users are less inclined to share personal information. We
acknowledge this limitation and treat demographic signals as context-dependent indicators rather
than definitive user attributes.

5.2 RQ2.a: Language Differences across Gender and Age Groups
To characterize language differences in labor market content across different demographic groups,
we apply an unsupervised language modeling technique, namely, the Sparse Additive Generative
Model (SAGE) [45]. This technique retrieves the salient keywords in a given set of documents
by measuring log-frequencies to distinguish between the lexical distribution of the document of
our interest (i.e., posts written by women workers7) compared to a baseline document (the entire
corpus) [45]. We refer to these log-frequencies as the “distinctness score”. This technique has been
widely used as an effective approach among researchers who have studied lexical differences in
social media, such as X [46, 147, 152], and Reddit [146, 157, 186]. We applied SAGE to the extracted
phrases using the RAKE model (introduced in Section 4.3) to retrieve distinct phrases between the
content posted by different gender and age groups.

5.2.1 Language Differences by Gender. Table 8 represents the results of our analysis to distinguish
the unique phrases used by workers discussing labor market topics. The scores reported in this
figure indicate the degree of word uniqueness in each gender group. A positive score shows greater
distinctness of phrases among women, and a negative score shows greater distinctness of phrases
among men workers. By examining the results in Table 8, we identify the following findings:

Women’ focus on social connections. As illustrated in Table 8, distinct keywords used by women
were dominated by social references, such as women references (e.g., “female’’, “woman’’, “lady’’,
“girl’’) and family/interpersonal relationships references (e.g., “daughter’’, “mom’’, “sister’’). Unlike
women workers and aligned with the prior work which studied job satisfaction across demographics

7We embrace “women” as an adjective in this work to reach a broader meaning that places gender over biological sex.
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[147], we found that the salient keywords for men were centered around occupations and job titles
(project management, years of experience, software engineer, start working), education (“bachelor’s
degree’’, “master degree’’, “Ph.D.’’, “MBA’’), and growth (“online course’’, “double major’’).

We observed that while the main purpose of Reddit posts generated by both women and
men information workers was around obtaining answer/support to a variety of inquiries related
to recruitment and learning, many women provided more detailed information about their
background, family, and motivation behind the expressed question compared to men. For example,
several workers used phrases that referred to social and interpersonal relationships to express
the influence that those relationships had on the situation they described in their posts. This
influence was expressed as fear of failing others by unsuccessful results, having the support of
others to make the right decisions, or concerns around the outcome of particular actions on others.
For example, one of the women workers who wanted to start a freelancing job wrote: “I have a
full-time job but I am feeling like a robot trying to finish my to-do list every day and I feel a little
depressed. My husband travels every two weeks [..] My son spends most of his summer in camps [..]
I have a mom who lives abroad [..] I like to spend more time with my family [..] Is freelancing a good
option for me?”. As portrayed in the above example, the workers presented their situation and
priorities (references to the mom, child, and spouse) to seek support from the community on a
job change. Our findings are consistent with prior research conducted by [117] who reported that
women were more likely to form their conversations around people and their internal processes
as opposed to men who prioritize their discussions around their occupations and external events.

Women express more psychological words. In addition to the differences in how women workers
form their conversations and priorities compared to men workers, we observed a noticeable
difference in the use of psychological words. By psychological, we refer to words that express
emotional and cognitive experiences. Overall, our results reported in Table 8, revealed that women
are, on average, more expressive of their emotions and well-being compared to men. For example,
frequently used salient words by women workers were “pissed’’, “cry’’, “therapist’’, “ADHD’’,
“angry’’, and “ashamed’’, while none of the top 30 distinct words expressed by men workers
were around well-being. This finding is consistent with prior research that found when disclosing
information, women use words to describe their emotional states, especially negative emotions,
more thanmen [14, 167, 171]. We explore these differences in the expressed emotions and well-being
across gender with statistical models in the next section.

5.2.2 Language Differences by Age. In Table 9, we present the distinct phrases used by workers
in different age groups discussing the labor market topics. The scores reported in this Table indicate
the degree of word uniqueness in each age group. We yield the following observations:

Career advice for younger workers. We find that among all workers, younger people rely more on
online communities to seek career advice. We noticed that individuals under the age of 25 requested
career advice by using keywords such as “career choice”, “career guidance”, and “decent money”,
which could suggest that these young people rely on online communities to shape their future
decisions or paths. For example, a user posting “I am a new college graduate and I am desperately
trying to get a job closer to my family. Although I have done one decent internship, my resume is on
the weaker side. I have 2 questions: (1) how to deal with negative emotions after rejections, (2) how to
set myself apart from more experienced candidates (like online certifications, YouTube lectures, etc.)?”

Career switch for older workers. We found that some of the unique words used by workers above 30
are around career change, such as “change career”, “career change”, and “career switch”. For example,
one worker mentioned a plateau in their career, which motivated them to further their learning,
which would eventually lead to a job change to one that would be more challenging and have room

ACM Trans. Soc. Comput., Vol. 9, No. 2, Article 12. Publication date: May 2026.



12:20 J. Mahdavimoghaddam et al.

Table 9. Top 30 Salient Keywords as per Distinctness Scores [45]

Under 18
Keyword Score Keyword Score

year-old-student 3.17 chemistry 1.25
love-computer 2.20 steam 1.21
young-age 1.98 father 1.20
grade 1.70 wanna 1.18
son 1.67 mom 1.17
age 1.66 game-engine 1.17
sister 1.60 dad 1.15
first-game 1.59 politics 1.10
head-start 1.59 max 1.07
young 1.32 gaming 1.07
game-developer 1.29 video-game 1.05
career-choice 1.29 game-development 1.04
mother 1.26 learn-c 1.04
high-school 1.25 lesson 1.03
pc 1.25 first-language 1.03

18-25
Keyword Score Keyword Score

vet-school 2.16 absolutely-hated 1.62
year-old-living 2.13 peace-corp 1.62
year-old-kid 2.02 enjoy-writing 1.62
year-old-student 1.84 sibling 1.61
mum 1.80 finished-high-school 1.61
still-living 1.74 grandmother 1.56
career-guidance 1.73 third-time 1.53
decent-money 1.73 older-brother 1.52
start-university 1.72 nursing 1.51
dental 1.66 bad-job 1.51
mental-health-issue 1.64 teach-english 1.51
pic 1.64 outdoors 1.51
firefighter 1.62 creative-writing 1.50
many-interest 1.62 like-computer 1.48
nursing-school 1.62 athlete 1.48

25-30
Keyword Score Keyword Score

lending-stream 2.89 barista 1.91
high-percentile 2.85 monotony 1.91
uncharted 2.69 moved-back-home 1.86
quarter-life-crisis 2.57 open-university 1.80
investigator 2.55 year-old-male 1.78
extremely-unhappy 2.43 poor-choice 1.75
camping 2.36 office-manager 1.74
considered-trying 2.28 two-kid 1.74
smoking 2.22 grocery-store 1.71
life-around 2.20 still-living 1.71
misdemeanor 2.18 theatre 1.70
year-old-man 2.13 making-enough-money 1.70
bartender 2.10 male 1.70
creative-job 1.97 life-together 1.70
oilfield 1.97 counseling 1.66

Above 30
Keyword Score Keyword Score

mortgage 1.95 old 1.37
pension 1.90 nursing 1.33
retirement 1.87 son 1.28
work-history 1.81 career-switch 1.27
change-career 1.78 lived 1.25
retire 1.74 mental-health 1.24
age 1.74 mid 1.22
married 1.69 killing 1.22
fortune 1.62 saving 1.21
changing-career 1.59 miserable 1.16
early 1.56 local-community-college 1.15
wife 1.55 younger 1.15
career-change 1.49 teenager 1.14
student-debt 1.48 husband 1.12
older 1.44 math-skill 1.12

Bar lengths indicate the magnitude of scores; The positive scores show greater distinctness of phrases among workers in
the specified age range.

for growth: “I have an MBA and no technical background with several years of experience in analytics
in various tech companies. We can assume there are few to no learning opportunities at my current
job (outside of learning on my own). We can also assume there is no room to move up in my current
company. At this point in my career, would it be worth it to get some sort of statistics/analytics Bootcamp
credential?”. In addition to career change, this age group had references to financial commitments
and long-term goals through keywords such as “mortgage”, “retirement”, and “pension”. Overall,
our findings could suggest that while workers in other age groups try to enter the workforce
and upgrade their skills or establish themselves more in their current occupations, older workers’
priority is to change their careers or fields to break a plateau, gain financial advantage, or find
jobs that are more fulfilling than their current ones. Our findings align well with earlier studies
on behavioral patterns of older job seekers [97, 184]. For instance, [97] reports that job-seeking
motivations for older adults could be categorized based on factors addressing their income, among
others. This finding can be important for employers to understand the needs of their employees
better and work on solutions to help the workforce with growth and learning plans to prevent
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attrition, increase their productivity, and find fulfillment while employed. We discuss these findings
in more detail in Section 6.

5.3 RQ2.b: Psycholinguistic Differences across Gender and Age Groups
We next discuss results related to psycholinguistic differences disclosed in information workers’
content across different aspects of the labor market based on workers’ gender and age groups. To
address this, influenced by several earlier works that utilized a lexicon to identify the psycholinguis-
tic characteristics of social media language [144, 158, 186], we used the well-validated Linguistic
Inquiry and Word Count 2022 (LIWC-22) lexicon [17] to understand how information workers
express their psychological well-being. The LIWC lexicon has 50 categories that include words from
the interpersonal focus, lexical density and awareness, personal and social concerns, cognitive pro-
cesses, affect, health and behavioral states, motives, perception, and temporal reference categories
representing a range of psychological attributes. Prior research has emphasized the importance
of lexical analysis for understanding the psychological well-being and processes of individuals
[141, 144]. For example, it has been shown that variation in using articles and pronouns can reveal
critical information on people’s reactions to complex psychological stimuli [32, 138].

After extracting psycholinguistic characteristics of workers’ labor market content, we statistically
test the normality of our data by performing the Shapiro–Wilk test on each category. A p-value of
less than 0.05 was found by the Shapiro–Wilk test on each of the psycholinguistic characteristics
of our four labor market topics (Skill Development, Job Applications/Job Search, Education, and
Employment/Job Concerns), indicating that our data on the labor market is not normally distributed.
To determine whether there are statistically significant differences between two or more groups
that are not normally distributed, we use the Kruskal–Wallis H-test to analyze the psychological
well-being of information workers. Then, we measured the effect size using Cohen’s 𝑑 to estimate
the differences between the groups’ means. Note that Cohen’s 𝑑 was only measured for significant
psychological categories based on the Kruskal-Wallis H-test.

5.3.1 Psycholinguistic Differences by Gender. Table 10 represents the distinctive psycholinguistic
characteristics across the labor market topics and gender groups. By examining the results in
Table 10, we offer the following observations:

Affective and health attributes. As discussed in Section 5.2.1, we found a greater prevalence of
keywords related to emotional well-being in content posted by women workers. Similarly, our
analysis of workers’ psycholinguistic attributes, illustrated in Table 10, revealed that negative
affective categories, such as “negative tone” were more prevalent in content posted by women
workers. Specifically, we found a greater usage of negative attributes, such as “anxiety”, “anger”, and
“sadness” in women workers’ content when disclosing information about the Education and Skill
Development topics, and a higher prevalence of positive tone among men workers when discussing
Job Applications/Job Search topic. However, we found no significant differences between affective
attributes used by women and men who discussed Employment/Job Concerns. Our finding on the
difference between disclosure of negative affective attributes is aligned with [167], which showed
women are more expressive of their negative emotions compared to men. Among health attributes,
women are more expressive about health and behavioral states, e.g., “I dropped out of college due to
depression and drug addiction, but now I am trying to resume my education.” While these categories
have negative implications, prior research suggests that disclosing information regarding emotions
and health can improve psychological well-being and help to cope with hardship [123].

Motivations, personal and social concerns. Among personal and social attributes, we find that men
workers have a higher prevalence of attributes related to prosocial behavior (tendency to help or
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Table 10. Comparing Psycholinguistic Differences across Gender Groups for the Labor Market Topics by
Reporting Effect Size (Cohen’s d) in Each Age Group

Education Learning Job Concerns Job application
Category Gender H-stat. Gender H-stat. Gender H-stat. Gender H-stat.

Interpersonal Focus
1st person singular 0.32 87.24*** - - 0.23 15.62*** - -
1st person plural 0.18 136.52*** 0.17 59.95*** - - 0.13 58.88***
3rd person singular 0.29 365.9*** 0.24 161.69*** - - 0.27 203.12***
3rd person plural 0.15 88.78*** 0.22 74.37*** 0.33 36.02*** 0.3 111.46***

Lexical Density and Awareness
Articles -0.2 17.55*** - - - - - -
Adverbs 0.33 66.04*** - - - - 0.16 14.68***
Negations 0.41 120.1*** 0.12 15.73*** - - 0.15 16.9***
Quantities 0.21 29.72*** 0.1 13.56*** - - - -

Personal and Social Concerns
Affiliation 0.41 198.38*** 0.27 102.08*** - - 0.17 34.35***
Achievement -0.33 30.21*** -0.17 23.24*** - - -0.26 44.91***
Power 0.17 54.58*** - - - - 0.22 39.69***
Prosocial behavior -0.26 13.44*** - - - - -0.21 19.04***
Interpersonal conflict 0.11 141.95*** 0.02 22.19*** 0.14 28.76*** 0.06 20.66***
Communication -0.17 15.02*** - - - - - -
Family 0.27 263.46*** 0.19 122.5*** 0.22 30.94*** 0.16 89.02***
Friends 0.13 170.87*** 0.1 52.49*** - - 0.08 33.61***
Politeness -0.35 47.41*** -0.13 13.51*** - - -0.3 63.35***
Female references 0.4 652.88*** 0.62 1523.77*** 0.6 329.44*** 0.48 748.31***
Male references - - -0.93 240.03*** -0.89 77.48*** -0.49 55.15***
Technology -0.54 107.51*** -0.17 16.47*** -0.34 23.18*** - -
Leisure 0.1 95.66*** - - - - - -
Home 0.19 223.78*** 0.07 36.03*** - - 0.07 25.45***
Work -0.43 100.78*** -0.43 159.16*** -0.24 12.91*** - -
Religion 0.08 128.12*** 0.03 24.17*** - - 0.04 34.14***

Cognitive processes
All-or-none 0.35 120.81*** - - - - - -
Causation 0.25 58.1*** 0.19 40.99*** - - - -
Tentative -0.22 16.65*** - - - - - -
Certitude 0.13 38.92*** - - - - - -

Affect
Negative Tone 0.52 243.82*** 0.14 26.95*** 0.24 19.83*** 0.14 12.32***
Positive Tone - - - - - - -0.15 12.32***
Anxiety 0.23 180.02*** 0.01 12.37*** - - 0.1 33.76***
Anger 0.13 139.23*** 0.05 26.34*** - - - -
Sadness 0.16 168.52*** 0.06 33.41*** - - - -

Health and Behavioral States
Illness 0.1 102.75*** 0.05 33.32*** - - 0.01 12.34***
Wellness 0.03 33.31*** 0.05 30.07*** - - 0.04 27.34***
Mental health 0.18 200.77*** - - 0.12 13.84*** 0.07 29.24***
Death 0.05 84.84*** 0.05 33.32*** - - - -
Need 0.04 25.81*** 0.05 30.07*** 0.18 12.21*** - -
Fatigue 0.11 115.21*** 0.02 19.88*** - - - -

Motives
Risk -0.1 28.64*** - - - - - -
Curiosity -0.34 45.31*** -0.16 15.73*** -0.17 14.15*** -0.18 16.32***
Allure 0.25 42.54*** - - - - - -

Perception
Motion 0.22 51.42*** - - - - 0.11 12.15***
Space -0.22 17.85*** -0.26 47.37*** - - -0.19 21.83***
Feeling 0.27 128.33*** 0.11 21.71*** - - - -

Temporal References
Time 0.33 76.49*** - - - - 0.16 13.75***
Past focus 0.38 86.02*** - - - - 0.26 38.05***
Following Bonferroni correction, statistical significance is reported as follows: *** p < .001, **.001 < p < .01, *.01 < p < .05.

care about others), communication (e.g., talk, explain, or ask), and politeness (e.g., please or thanks),
e.g., “Hey, I have my interview soon. They’ll ask me about scripting, and I told them I am going to
do it in Python. Can you help me to prepare for it? Thank you so much!”. Also, we observed that
men had greater usage of keywords around their careers, such as “achievement”, “technology”, and
“work”, followed by high usage of keywords related to curiosity as their motives; e.g., “I want to be
a great programmer, so I’ve done online learning for python and JavaScript. My plan in life would be
software engineering, and I want to learn more!”. Unlike men workers, we find a greater prevalence
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Table 11. Comparing Psycholinguistic Attributes across Age Groups in the Job
Application/Job Search Theme, by Reporting Effect Size (Cohen’s d) in Each Age Group

Category Under 18 18-25 25-30 Above 30 H-stat.
Interpersonal Focus

1st person singular -0.01 0.17 -0.01 -0.22 20.74*
Personal and Social Concerns

Power -0.28 -0.03 0.06 0.06 18.68*
Money -0.45 -0.03 0.10 0.06 28.68***

Cognitive processes
Discrepancy 0.34 0.10 -0.06 -0.19 20.08*
Tentative 0.32 0.08 -0.05 -0.17 19.46*

Health and Behavioral States
Illness -0.07 -0.07 0.04 0.08 20.30*

Perception
Space -0.30 -0.08 0.13 0.06 18.82*

Temporal References
Time -0.31 -0.00 -0.08 0.20 21.26*

Following Bonferroni correction, statistical significance is reported as follows: *** p < .001, **.001 < p
< .01, *.01 < p < .05.

of keywords about family, friends, and home in the content posted by women. For example, I am
interested in Architecture and Animation, but my parents forced me to take computer science because
my mom thinks I am bad at drawing and my stepdad is against Animation. This finding is aligned
with our earlier observation in Section 5.2.1, where we reported that women workers have a higher
tendency to focus on social connections while men are more focused on career growth.

5.3.2 Psycholinguistic Differences by Age. We identified distinctive psycholinguistic characteris-
tics across the labor market topics and age groups by examining the psycholinguistic attributes
indicated in workers’ Reddit posts. We found that although there are significant differences across
genders when discussing Employment/Job Concerns, there is no significant difference in the
psycholinguistic attributes of workers in different age groups. This section reports our findings on
labor market topics with a statistically significant difference in the expressed keywords across age
groups. We also report our findings in Table 12, Table 13, and Table 11.

Affective and cognitive attributes. Among cognitive categories, we observe that workers under
the age of 18 show the highest prevalence of words related to discrepancy (Table 12, Table 13, and
Table 11) and tentativeness (Table 12 and Table 11), which represent a person’s uncertainty and
insecurity over the circumstance [146]. For instance, “I’m 16 and I think I might be getting my first
job!” or “I’m a 15 yo sophomore. I was just wondering what I should actively be doing if I want a career
in mechanical engineering”. Among the affective categories, we find that workers under the age
of 18 revealed the highest usage of positive tone in Skill Development (Table 13), which might
suggest that learning for workers under 18 is an overall positive experience. In contrast, workers
between the ages of 18 and 25 used the most keywords around negative tone, anxiety, and anger
in Education (Table 12). This might be associated with the majority of individuals between the
ages of 18 and 25 being college students, who disclose negative emotions about their campus life
or trying difficulties in trying to get some professional work experience, e.g., “College grad, lost,
frustrated [..] I’m just lost as to what I should be doing/what I’m doing wrong. I’ve been applying
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Table 12. Comparing Psycholinguistic Attributes across Age Groups in the Education Theme, by
Reporting Effect Size (Cohen’s d) in Each Age Group

Category Under 18 18-25 25-30 Above 30 H-stat.
Interpersonal Focus

1st person singular 0.13 0.27 -0.18 -0.37 62.76***
Impersonal pronouns 0.24 0.19 -0.18 -0.29 52.7***

Lexical Density and Awareness
Articles -0.32 -0.15 0.21 0.21 52.96***
Numbers 0.10 -0.24 0.12 0.20 49.67***
Adverbs 0.27 0.15 -0.13 -0.29 47.88***
Negations -0.01 0.24 -0.16 -0.23 38.50***
Quantities -0.36 -0.02 0.10 0.15 29.30***

Personal and Social Concerns
Achievement -0.58 -0.09 0.23 0.23 101.75***
Friends 0.07 0.00 0.09 -0.25 18.54*
Female References -0.19 -0.10 0.16 0.06 21.83**
Technology 0.31 -0.11 -0.10 0.12 27.13***
Leisure 0.13 0.10 -0.07 -0.24 25.93***
Work 0.07 -0.20 0.11 0.16 21.68**
Money -0.52 -0.04 0.14 0.20 85.69***

Cognitive processes
Insight 0.14 0.19 -0.22 -0.15 38.21***
Discrepancy 0.20 0.07 -0.04 -0.23 21.72**
Tentative 0.25 0.07 -0.09 -0.20 24.25**
Certitude 0.23 0.13 -0.16 -0.22 25.80***

Affect
Negative Tone -0.07 0.25 -0.11 -0.30 44.06***
Anxiety -0.10 0.18 -0.01 -0.29 37.97***
Anger -0.05 0.14 -0.08 -0.11 19.15*
Swear Words -0.19 -0.05 0.00 0.18 18.56*

Health and Behavioral States
Mental Health -0.24 0.09 0.02 -0.10 18.94*
Want 0.14 0.11 -0.04 -0.27 28.09***
Fulfilled -0.27 0.00 0.08 0.05 29.59***

Perception
Space -0.10 -0.17 0.15 0.19 30.04***
Feeling -0.21 0.12 -0.01 -0.07 27.34***

Temporal References
Time -0.39 -0.10 0.18 0.18 41.18***
Present focus 0.16 0.10 -0.09 -0.18 19.03*

Following Bonferroni correction, statistical significance is reported as follows: *** p < .001, **.001 < p < .01,
*.01 < p < .05.
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Table 13. Comparing Psycholinguistic Attributes across Age Groups in the Skill
Development Theme, by Reporting Effect Size (Cohen’s d) in Each Age Group

Category Under 18 18-25 25-30 Above 30 H-stat.
Interpersonal Focus

1st person singular 0.19 0.04 -0.02 -0.26 47.41***
3rd person singular 0.26 -0.14 -0.13 -0.03 20.71*
3rd person plural -0.04 0.04 0.01 -0.02 21.45**

Lexical Density and Awareness
Articles -0.36 0.04 0.11 0.22 87.79***
Prepositions -0.27 0.02 0.15 0.11 53.82***
Auxiliary verbs 0.24 -0.00 -0.11 -0.14 45.65***
Adverbs 0.12 0.05 -0.09 -0.12 19.79*
Common verbs 0.37 -0.06 -0.10 -0.22 93.62***
Common adjectives -0.16 0.02 0.00 0.14 20.02*

Personal and Social Concerns
Achievement -0.40 0.09 0.26 0.03 133.61***
Female References 0.12 -0.10 -0.06 0.03 28.11***
Power -0.30 0.03 0.11 0.14 97.65***
Interpersonal conflict -0.14 -0.03 0.01 0.16 56.47***
Communication 0.21 -0.02 -0.13 -0.08 20.45*
Family 0.14 -0.14 -0.08 0.10 25.92**
Politic -0.13 -0.01 0.02 0.12 46.79***
Home -0.13 -0.02 0.11 0.04 48.28***
Work -0.24 0.08 0.18 -0.03 59.25***
Money -0.28 0.10 0.06 0.07 127.97***

Cognitive processes
All-or-none -0.19 0.02 0.10 0.08 51.31***
Insight 0.31 -0.03 -0.16 -0.16 48.08***
Discrepancy 0.36 -0.07 -0.14 -0.18 67.87***

Affect
Negative Tone -0.12 0.04 0.08 -0.01 37.42***
Positive Tone 0.24 -0.06 -0.06 -0.12 28.95***
Anxiety -0.18 0.04 0.10 0.01 46.96***
Anger -0.08 -0.03 0.07 0.05 26.50***
Sadness -0.05 0.02 0.02 -0.00 22.37**
Swear Words -0.13 0.05 -0.01 0.06 22.55**

Health and Behavioral States
Illness -0.08 -0.02 0.08 0.02 22.32**
Wellness -0.11 0.06 0.03 -0.04 20.39*
Food -0.10 0.05 -0.03 0.04 23.32**
Want 0.26 -0.08 -0.00 -0.19 27.23***
Need -0.05 0.00 -0.01 0.07 23.73**
Lack -0.11 0.01 0.10 -0.01 47.51***
Fulfilled -0.06 0.03 0.00 0.01 31.64***

Motives
Reward -0.22 0.06 -0.02 0.15 72.16***
Risk -0.02 -0.02 0.06 0.00 52.25***
Allure 0.21 -0.05 -0.03 -0.13 21.15*

Perception
Motion -0.33 0.02 0.16 0.15 103.39***
Space -0.45 0.02 0.17 0.27 144.36***
Feeling -0.11 0.03 0.01 0.05 39.41***

Temporal References
Past focus -0.13 -0.04 0.11 0.08 27.45***
Present focus 0.24 0.00 -0.10 -0.18 38.19***

Following Bonferroni correction, statistical significance is reported as follows: *** p < .001, **.001 < p <
.01, *.01 < p < .05.
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nonstop for a while now to all kinds of jobs with no luck.” Our observations about the negativity
expressed by college-age workers can also be explained by the findings of [61], which show that
the expression of negative emotions by college students is strongly correlated with positive support
received from their peers, e.g., their roommates.

Temporal references, personal, and social concerns. Among personal and social concerns, we find
that workers above the age of 25 use the most number of terms around “achievement”, “work”, and
“money” when discussing Education (Table 12), while prevalent keywords among workers under
the age of 25 were around “leisure” with a focus on the present time. This finding could mean that
as workers become older, their priorities for pursuing education or getting a formal degree shift
toward following a passion, becoming more successful, or finding a better career with more income,
e.g., “I am 32 yrs. and have been a nurse for a few years. I am considering going back to school for
Computer Engineering because I think it’s fascinating and want to learn how to create and develop
hospital EMRs, since I have so many ideas working with different systems.” When discussing Skill
Development (Table 13), we observe a higher focus on the present time in workers’ content under
the age of 25 and a higher focus on the past time in workers’ content above the age of 25. We
also found a distinct usage of keywords in revealed personal and social concerns among different
age groups. For example, we observed the highest prevalence of keywords related to “family” and
“communication” for workers under the age of 18, “achievement”, “work”, and “home” for workers
between the ages of 25 and 30, and “power”, “interpersonal conflicts”, and “politics” for workers
above the age of 30. The difference in the use of keywords in the personal and social categories
could be associated with the fact that, while in the rapidly changing labor market, workers are
demanded to be lifelong learners who continuously update their skills [105, 106], the learning
process takes different shapes depending on the age group.

Linguistic style attributes. We find a significant difference between pronoun usage across age
groups, especially among the workers under the age of 25, which is an indication of different social
attentions [146]. For example, we observed a high prevalence of first-person singular pronouns
(e.g., me, my, myself) in workers’ content under the age of 25 who discussed Education and Skill
Development (Table 12 and Table 13), which can indicate a higher focus on personal experiences
and self-reflection [124]. For example, “I started my career in graphic design last year, but I am
concerned about my choice. This job makes me feel overwhelmed, and I don’t get motivated by it.
Should I continue with this career?” where the workers disclose their challenges with their career.
However, we only found a high usage of keywords related to first-person singular pronouns in the
workers’ content aged between 18 and 25 who discussed Job Application/Job Search (Table 11).
For instance: “I have been out of college for 2 years, but I can’t even get an internship. I have done
a few projects to build my portfolio, but I still think I am unqualified [..]”. Prior studies show that
understanding people’s social attention is an important factor in effective social interactions [34],
which can be an essential component when addressing workers’ needs.

6 Discussion
Rapid advancements in digital technologies, alongside global disruptions such as the COVID-19
pandemic, have reshaped labor-market structures and workers’ experiences of employment [49, 58,
116, 162]. Within Social Computing research, there has been sustained interest in understanding
how these shifts impact occupations, employment, and workers [99, 113, 174, 179]. As highlighted
earlier in this article, prior work has largely relied on qualitative studies, surveys, and interviews
to examine worker well-being and occupational change. In contrast, our work leverages large-scale
social media data to examine how workers collectively disclose, interpret, and socially negotiate
labor-market challenges in online communities.
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Using Reddit as a social environment rather than merely a data source, we analyze how
information workers discuss education, learning, job search, and employment concerns, and how
these disclosures vary across gender and age groups. Our findings highlight systematic differences
in patterns of self-disclosure, emotional expression, and topical focus, revealing how demographic
characteristics intersect with social roles in shaping online labor-market discourse. In the following
sections, we situate these findings within Social Computing research and discuss their implications
for understanding online communities as infrastructures for collective well-being and peer
support.

6.1 Online Communities as a Lens to Understand Information Workers’ Needs
In the fast-evolving labor market, social media platforms have become critical spaces where workers
collectively make sense of occupational change and uncertainty. Prior Social Computing research
has shown that rapid shifts in skills and job requirements lead people to rely heavily on their
personal networks and online communities for skill and professional development [89, 90, 108].
Consistent with this work, our findings show that skill development emerges as a dominant
and recurring theme across labor-market discussions, highlighting its central role in collective
sensemaking among information workers.

Importantly, learning and skill development were not discussed solely as instrumental goals but
were frequently embeddedwithin narratives of anxiety, frustration, and uncertainty.Workers turned
to online communities to ask peers what skills to acquire, where to learn them, and how to remain
relevant in the knowledge economy. These interactions reflect recognizable social mechanisms:
advice-seeking, experience sharing, reassurance, and the normalization of career-related distress. In
this sense, Reddit functions as a peer-based support environment, where informational guidance is
intertwined with emotional validation. Our qualitative examples further demonstrate how perceived
lack of learning opportunities can lead to dissatisfaction and discussions of turnover, underscoring
the role of online communities in normalizing and articulating career-related distress.

Building on literature that highlights the value of user-generated content for understanding
labor-market trends, hiring practices, and talent acquisition [80, 86, 105, 106], we extend this
perspective by emphasizing the relational and interactive dimensions of such discourse. Rather
than treating social media merely as a predictive signal of market shifts, we conceptualize it as a site
where workers publicly perform vulnerability, seek solidarity, and negotiate shared understandings
of success, failure, and resilience in the knowledge economy.

Beyond reflecting workers’ voices, our results further demonstrate how online communities
make psychological well-being socially visible. We showed that when workers discuss topics such
as learning and education, they express the most negative affect, i.e., anger, anxiety, and sadness.
These emotional expressions are not isolated signals but are embedded in interactional contexts
shaped by platform affordances. Social media enables users to form diverse relationships, disclose
self-initiated content, and express their emotions as they experience them. For instance, on social
media sites, such as X and Reddit, individuals with differing ages, genders, ethnic origins, and social
power create virtual communities based on weak ties to engage with one another [187]. Because of
these weak relationships, users can openly exchange their experiences and express their emotions
and concerns regarding a variety of topics, such as unemployment, which they might not freely
disclose with their intimate relationships [57].

Moreover, many individuals, particularly young people, rely on social media to articulate psy-
chological distress and seek health-related information due to the possibility of anonymity and
asynchronous interaction [127]. From a Social Computing perspective, these affordances help
explain why Reddit serves not only as a discussion forum but as a collective well-being space,
where patterns of disclosure accumulate into shared narratives about work and uncertainty. In this
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way, Reddit operates as a form of collective sensing for labor-market well-being, complementing
traditional surveys and interviews [104, 147].

At the same time, the use of social media data raises important ethical tensions. While such
data are inexpensive, unobtrusive, and near real-time [147]. We also recognize that Reddit users
might view this type of data collection to be a form of surveillance and choose to circumvent the
technology by moving to private forums, as Chinese citizens did after the implementation of the
XueXi QiangGuo government platform [100]. Thus, informing affected members and communities
of the analysis conducted and incorporating an opt-in/opt-out consent mechanism for individuals
or perhaps forums is warranted before risking the invasion of user privacy.

6.2 Online Professional Communities as Support Infrastructures
Our findings also have implications for the design of support systems informed by Social Computing
research [40, 105, 115, 137]. With the rise of a skilled labor shortage in Science, Technology, En-
gineering, and Mathematics (STEM) fields [48], many organizations have prioritized enhancing
employee experience and retention. Previous studies argue that factors such as providing growth
opportunities, engaging with meaningful work, and ensuring work-life balance can prevent attrition
more than high compensation for many information workers [20]. As such, more institutions have
invested in employee training and upskilling to prevent employee attrition, improve productiv-
ity, and keep workers up-to-date [109]. Although these organizational strategies are critical, our
findings suggest that workers’ needs are deeply shaped by life stage, gender, and social context, as
reflected in their online disclosures.

Viewed through a Social Computing lens, Reddit and similar platforms function as informal sup-
port infrastructures where workers articulate challenges, compare experiences, and seek validation
beyond formal organizational channels. Our findings demonstrate that workers’ concerns vary
systematically across age and gender, and that these differences are reflected not only in the topics
discussed but also in the language used to express them. For example, workers aged 30 or older
frequently discussed career transitions and long-term financial stability, including retirement and
pension planning, suggesting that online communities serve as spaces for deliberative reflection on
mid- and late-career identity. In contrast, younger workers focused more heavily on entering the
job market and establishing career trajectories, often framing these concerns through uncertainty
and exploration. These differences reflect life-stage–specific social roles and expectations that shape
how workers participate in online discussions and what forms of support they seek.

Similarly, we observed gendered differences in self-disclosure patterns. Women more often
articulated concerns tied to social relationships, belonging, and psychological well-being, whereas
men emphasized career advancement and instrumental outcomes. Rather than interpreting these
disparities solely as individual preferences, they represent reflections of broader social norms
around professional identity and emotional expression. In this way, online discourse reveals
how gendered expectations shape participation and help-seeking behavior within professional
communities.

These findings extend beyond organizational design and define online communities in comple-
menting, and sometimes compensating for, formal workplace support structures. Prior work has
demonstrated the importance of social support in reducing anxiety and improving well-being [151],
as well as the value of collective representation in advocating for workers’ rights [53]. Our results
suggest that online communities similarly provide spaces where workers collectively express dissat-
isfaction, normalize shared struggles, and exchange coping strategies. Such peer-based interactions
provide opportunities to design interventions, both within online platforms and organizational
contexts, that align with existing community norms and modes of disclosure, rather than imposing
one-size-fits-all solutions [101].
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While organizations may draw on these insights to design more responsive support programs,
i.e., targeted reskilling initiatives or career mobility pathways [43, 81, 94, 126, 164], the central
contribution of this work lies in illuminating how online communities surface and organize workers’
concerns at scale. Understanding these dynamics is critical for Social Computing scholars interested
in how community discourse shapes well-being in the evolving world of work.

6.3 Implications of Automatic Gender Retrieval
In this study, we included gender to highlight that interpersonal differences between individuals
should be considered when studying the needs and well-being of workers to design more effective
support systems. Yet gender identity is a social construct and people’s gender experiences are
constantly evolving [156]. However, our extracted data from Reddit did not contain a dedicated
field for gender expressed by the users themselves. One of the common procedures for including
self-identified genders in research is through user input, which can be obtained through surveys
and interviews [153]. Nevertheless, applying those approaches is not feasible when researching
large-scale social media data, i.e., online social networks. With technological advancements and the
widespread use of NLP and machine learning, researchers have increasingly focused on detecting
an individual’s gender from social data [4, 16, 169], a similar approach that we inherited in this
work. While this development offers potential for a variety of applications, it also raises significant
implications and ethical concerns that merit a closer examination.

One of the important concerns with automatic gender detection algorithms is the potential
for algorithmic bias and stereotyping [96, 155]. Algorithms trained on existing text data might
inadvertently reinforce gender stereotypes, as they learn from historical language usage patterns
that reflect societal biases [159]. This can lead to unfair categorizations, discrimination, or exclusion
of individuals who do not conform to traditional gender norms. To identify the existence of such
biases in our gender detection algorithm, we conducted a qualitative error analysis technique on
1% (241) of the posts where the author explicitly mentioned their gender, i.e., “I am a female” or “I
am a man”. By comparing the text and the automatic gender labels assigned by the algorithm we
witnessed interesting cases. For example, we noticed that in posts where the author self-identified
themselves as a female trans person, the algorithm correctly categorized them in the “Female”
group. For example:

— Is this job feasible for a trans person (trans female, male to female)?
— I am 31, a trans woman from South America.
— I am a 32-year-old, queer, middle eastern woman seeking a mentor.

In other cases where the gender was falsely identified as a “Female” or “Male”, we noticed
that the posts contained many “male” or “female” references or were describing experiences of
a “female” or “male” subject. For example, one of the authors dedicated their post to the 22 most
successful male workers in the industry and a few more lines about their biography. Although
the mentioned example did not contain any self-identified gender of the authors, the algorithm
labeled the post as “Male”, potentially due to the high usage of “male” references. In another post,
a worker described how they are overworked in their current position and mentioned that they
are looking for a job to be able to spend more time with their wife. In this example, although
the post was missing the self-expressed gender of the author, this post was categorized into
the “Male” group, potentially because of the existence of the word “wife” in the text. While the
correct identification of trans-gender authors by the algorithm was heartwarming and the overall
performance of the model, as reported in Table 7, was satisfactory compared to previous literature,
we acknowledge the potential harm of analysis on falsely classified data because of the societal
stereotypes.
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Moreover, consideration of gender as a binary construct oversimplifies the rich spectrum of
gender identities that exist and can result in a lack of inclusivity, alienating individuals who identify
as non-binary, genderqueer, or trans, thus failing to recognize their authentic identities [19]. Also,
in many contexts, a binary view of gender reinforces stereotypical gender roles and expectations,
limiting individual freedom, expression, and opportunities. As society becomes more aware of the
limitations and injustices tied to a binary understanding of gender, there is a growing movement to
recognize and respect a wider spectrum of gender identities [180]. However, there is still a wide
gap between the research community’s efforts to acknowledge nuances in gender identities and
the existing algorithmic approaches and guidelines that allow social computing researchers to
identify gender. We recognize that significant further work must be done to accommodate a more
comprehensive and inclusive range of gender identities [98] and to prevent unwanted harm to
marginalized populations. In the context of our work, one possible way to include non-binary
individuals would be conducting research on non-binary advocacy groups, such as “r/NonBinary”
subreddit on the Reddit platform. These individuals and groups frequently exchange information,
resources, and personal stories about non-binary experiences. Another way to include non-binary
individuals in social media research is obtaining the pronouns and terminologies being used by
non-binary groups, such as the informal term “enby”, which is frequently used to describe people
who identify as non-binary genders [79]. While such efforts require further expertise, for the
current study, we reluctantly categorized users into binary groups based on self-identification of
women or men. We discuss the ethical considerations of our decision. [154] argues that “If gender
must be used, consider the context of its application”. Women have reported experiencing gender
discrimination in the U.S. labor force and have had higher prevalence rates of gender discrimination
in male-dominated fields [24]. We felt that, despite not having adequate means of categorizing non-
women or men identities, understanding whether and how these inequities manifest themselves in
online forums is an essential initial investigation.

6.4 Demographic Representation and Participation Bias
While online social media data enables the large-scale and timely study of labor market discourse,
previous research has emphasized selection and participation bias as a potential problem in social
media studies [147]. Selection bias arises when platform populations systematically over- or under-
represent individuals along demographic dimensions such as gender, age, education, income, and
geographic location [148]. Participation bias further compounds this issue, as individuals from
certain demographic groups are not only more likely to be present on a platform, but also more
likely to actively contribute content, while others remain comparatively silent [125]. Together,
these mechanisms shape whose experiences are rendered visible in online discourse.

Reddit exemplifies these representational dynamics. Prior analyses of Reddit’s user base document
a pronounced skew toward younger, male, and digitally proficient users, with higher participa-
tion from English-speaking, Global North countries. Existing demographic analyses report that
approximately two-thirds of Reddit users identify as male, and that the majority fall between the
ages of 18 and 29, with disproportionate representation from the United States, Canada, the United
Kingdom, and Australia.8 Beyond platform demographics, Social Computing research has shown
that social media platforms tend to disproportionately attract individuals with higher levels of
digital literacy, technology self-efficacy, and educational attainment—attributes that are unevenly
distributed across populations and correlated with socioeconomic status [2, 103, 133]. As a result,
the voices most visible in social media datasets often reflect not only platform design but also
inequalities in access, confidence, and capacity for sustained online participation.

8https://www.alphr.com/demographics-reddit/
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Participation inequality further amplifies these skews. Previous work demonstrates that content
production in online communities is highly unequal and strongly associated with socioeconomic
factors such as education and income [102]. Consequently, demographic biases present at the
platform level are often magnified in datasets derived from posts and comments, as groups who
contribute less frequently, such as women, older individuals, and users from non-Western contexts,
are rendered statistically marginal even when they are present on the platform. The composition
of our dataset reflects these well-documented dynamics: users contributing IT-related content
predominantly belong to demographic groups that are already overrepresented both within Reddit
and within the IT workforce itself.

Importantly, these representational patterns mirror long-standing demographic inequalities in
high-technology labormarkets. Despite sustained efforts by governments, academic institutions, and
nonprofit organizations to improve diversity in science, technology, engineering, mathematics,
andmedicine (STEMM), underrepresentation remains persistent [67]. Recent reports from the U.S.
Equal Employment Opportunity Commission indicate that women, Black and Hispanic workers, and
older individuals remain substantially underrepresented in high-tech occupations.9 For example,
while women constitute approximately half of the U.S. workforce, they hold fewer than one-fifth of
high-tech positions. Similarly, high-tech employment is disproportionately concentrated among
workers aged 25–39, and STEM occupations remain overwhelmingly dominated by white workers
[54]. Educational stratification further contributes to these patterns, as STEM and IT roles are
significantly more likely than other occupations to require a bachelor’s degree or higher [50, 54].
These workforce inequalities shape not only who works in IT, but also who participates in online
discussions about IT labor markets.

From a Social Computing perspective, these demographic and participation biases should not
be interpreted solely as limitations but as sociotechnical phenomena that reveal how online plat-
forms mediate visibility, voice, and collective sensemaking. Our findings thus reflect how labor
market challenges and well-being concerns are articulated and negotiated primarily within a
dominant subgroup of the IT/Reddit ecosystem. While this necessitates caution in generalizing
results to underrepresented populations, it also offers insight into whose experiences become
normative in online labor market discourse, and how platform-specific participation structures
shape collective representations of work and well-being. Recognizing these representational dy-
namics underscores the importance of future research that combines social media analysis with
complementary data sources and methodological approaches, including targeted sampling, mixed
methods, and community-engaged research designs. Such efforts are essential for surfacing the
perspectives of marginalized groups and for developing a more inclusive understanding of labor
market challenges and collective well-being in the knowledge economy.

6.5 Dataset Scope and Generalizability
The dataset analyzed in this study spans Reddit posts published between January 2015 and Au-
gust 2019. This period was selected to capture labor market discourse during a relatively stable
pre-pandemic phase of the global economy. Before early 2020, labor market conditions in many
regions were characterized by steady employment trends, gradual technological transformation, and
incremental shifts in workplace practices rather than abrupt systemic disruptions [73]. By focusing
on this window, the analysis aims to examine baseline patterns of demographic participation and
topic engagement in online labor-related discussions under non-crisis conditions.

To further assess whether the identified topical structure is specific to the 2015–2019 window or
reflects more persistent patterns in IT-related labor discourse, we applied the same inductive coding

9https://www.eeoc.gov/newsroom/eeoc-research-finds-unequal-opportunity-high-tech-sector-and-workforce
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procedure to an additional temporal slice spanning March 2020 to December 2021, as described in
Section 4.1 and reported in Appendix B. Using three independent coders, we reconstructed the code-
book for this later period and compared it to the original taxonomy derived from the pre-pandemic
data. We observed substantial continuity across periods, with 83.5% of the identified codes overlap-
ping with the original codebook. The dominant themes, namely, Skill Development, Job Application-
s/Job Search, Education, and Employment/Job Concerns, remained central to the discourse. While
certain context-specific concerns emerged in the later period, the core structure of labor market dis-
cussions among information workers persisted. These findings suggest that the 2015–2019 dataset
captures stable thematic foundations of IT-related labor discourse rather than a transient interval.

Furthermore, the onset of the COVID-19 pandemic in early 2020 introduced a structural break in
labor market dynamics. Rapid expansion of remote work, widespread layoffs, emergency public
policy interventions, and heightened uncertainty substantially altered both employment conditions
and public discourse surrounding work [120]. These changes likely affected not only the salience
of particular labor market topics but also the ways individuals publicly articulated work-related
concerns. Restricting data to the pre-2020 period reduces the confounding influence of these
extraordinary events and enables the identification of structural patterns less driven by short-term
crisis responses.

Importantly, the objective of this study is not to characterize all contemporary labor market
discourse, but rather to examine demographic participation patterns within a defined historical
context. The findings, therefore, reflect communicative behaviors and topic distributions in the
pre-pandemic labor market. While specific themes, such as remote work or pandemic-related job
displacement, became more prominent after 2020 [15], the demographic asymmetries and disclosure
practices identified here are likely rooted in broader social and platform-level norms rather than
solely in transient external shocks.

At the same time, the temporal scope necessarily limits the generalizability of the findings to post-
2020 labor market conditions. Crisis environments may amplify or attenuate certain participation
patterns, alter norms of self-disclosure, or reshape the composition of online communities. Extending
this analysis to subsequent periods represents an important direction for future research, particularly
to examine whether demographic-topic associations remain stable under large-scale economic
disruption [25]. Accordingly, the results should be interpreted as reflecting pre-pandemic labor
discourse on Reddit. They provide a baseline against which post-2020 transformations in online
labor conversations may be meaningfully compared.

Beyond capturing a pre-pandemic snapshot of online labor discourse, the dataset also provides a
useful historical baseline for examining how discussions about work, skills, and well-being evolve
as technological paradigms reshape the workplace. The analyzed posts predate the widespread
integration of generative AI systems and AI-assisted workflows that have begun to influence many
knowledge-intensive professions. As AI increasingly mediates how information workers perform
tasks, develop expertise, and navigate career pathways, online communities are likely to remain
important spaces where individuals collectively interpret and negotiate these transformations.
The thematic structures and demographic participation patterns identified in this study therefore
establish a reference point for future longitudinal research examining how discourse around work,
automation, and professional identity shifts as AI becomes more deeply embedded in daily work. In
this sense, the dataset can serve as a pre-AI baseline for understanding how technological change
reshapes conversations about skills, employment, and well-being in online labor communities.

Taken together, the dataset and findings presented in this study establish a pre-pandemic, pre-AI
baseline of online labor discourse among information workers, enabling future Social Computing
research to systematically examine how emerging technological and economic transformations
reshape conversations about work, skills, and well-being in online communities.
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6.6 Ethical Considerations
In this data-driven age, the use of open data in research has become increasingly prevalent. Publicly
accessible data sources, including social media posts and open-access scientific databases, provide
researchers with a wealth of information for investigations across various disciplines [119]. While it
is clear that having access to such data has broadened research possibilities, scholars argue that the
blurred line between public and private data can lead to potential harm and negative implications
for individuals [129]. For instance, although some online social platforms, such as X, warn users
about the usage of public data by researchers under the Privacy Policy section, some online research
subjects are unaware that their data is being used by academics [52]. Also, usually, online users do
not have any control over the type of data that is collected for research purposes [172]. Additionally,
users may have written identifiable private information in public data as a means of seeking social
support during a crisis; hence, failing to restrict the revealing of people’s identities in research may
endanger users [163].

To this end, while this study primarily utilizes public social media data to help organizations
better understand the information workers’ challenges and needs, especially those who belong to
marginalized groups, such as women, we recognize that some users may consider social media
analytics to constitute surveillance. To limit the unwanted harm to the users, we made sure to
anonymize any quotations that could trace the content to the users. Also, we did not keep any
usernames or names of the users in our dataset to protect the privacy of the users. However, we
acknowledge that while individuals might decide to share information about their career challenges
or overall well-being in a workplace in a public forum, they might be reluctant to provide their
employers with their online social content [147]. One possible way to overcome this challenge is to
engage with the social platform under study, i.e., forums administrative, to inform users about the
collection of their data and provide them with an opportunity to opt out of the research.

6.7 Limitations and Future Directions
We acknowledge that our research is not without limitations. First, while online social media data
can assist in capturing and analyzing timely labor market issues at a large scale, previous research
has emphasized selection bias as a potential problem in social media studies [147]. Also, our dataset
may likely lean toward the viewpoints of those who reside in the Global North and belong to a
certain ethnic group. Therefore, we note that the self-disclosed content in our Reddit data may not
necessarily be representative of a diverse labor market. Moreover, we only analyzed English Reddit
data, and hence our work is not representative of the rich lived experiences of those information
workers who communicate in languages other than English. To address these limitations, further
studies are required to assess information workers’ concerns and well-being using data from various
social media platforms to paint a more complete picture.

We also acknowledge that more factors beyond gender and age can influence the challenges
that workers experience in the job market. For example, socioeconomic status, education level,
marital status, family size, personality traits, and lifestyles such as alcohol consumption, smoking,
exercising, or prior health issues, and disabilities, among others, can also have an impact on the
reported challenges and worker well-being [38, 39, 41, 107]. Despite limitations, we hope that
our work inspires future research to examine the societal factors that impact the experience and
emotions of information workers across broader demographic groups.

7 Concluding Remarks
This article leverages social media data to identify the challenges and the psychological well-being of
information workers in the evolving labor market. Using machine learning techniques, we identified
Skill Development, Job Applications/Job Search, Employment/Job Complaints, and Education as
the most discussed topics among information workers. We also looked at linguistic variations
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among different genders and age groups in online communities. Concerning gender, we found
that, on average, women workers report more psychological issues and negative affect than men.
While men express more concerns about their jobs, job titles, education, and progress, women are
more likely to express concerns about their health, families, and interpersonal connections. For
age, we found that younger workers rely on online communities to seek career advice, while older
workers disclose/require information about career changes. We also found high uncertainty in all
labor market topics and a positive affect regarding learning topics among youth workers (under
18) and a higher negative affect among workers between the ages of 18 and 25 who discussed the
Education topic. This article is among the first to use social media data, statistical methods, and
machine learning techniques to shed light on information workers’ challenges and the areas in
which workers require the most support, and it advances our understanding of workers’ well-being
in the emerging labor market, considering their age and gender.
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Appendices
A Data Collection Strategy
In this section, we discuss our data collection strategy and explain our choice to selectively cu-
rate posts explicitly referencing IT skills from various subreddits instead of opting for an all-
encompassing approach by collecting all posts solely from a dedicated IT subreddit. First and
foremost, opting to select all posts from a dedicated IT subreddit introduces a potential source of
selection bias. This bias arises from the inherent differences in tone, language, and context across
various subreddits [177]. Each subreddit develops its unique community norms, communication
styles, and jargon, which can significantly affect the content shared within it. For example, in a
study conducted by [122], the authors explored the commonalities and distinctions in content
discussed by Reddit users across three mental health-related subreddits. Employing an unsupervised
technique, namely K-means, the authors found that while a few themes like expressions of gratitude
and positive emotions were shared among the subreddits, the majority of topics were unique to
each subreddit. Therefore, by exclusively focusing on particular IT-dedicated subreddits, there is a
risk of overlooking valuable insights and discussions occurring in other communities where IT
skills are discussed in a context-specific manner. Thus, this selection approach risks favoring posts
that align with the tone and language of the IT subreddit while excluding potentially relevant
contributions from the broader Reddit community.

Furthermore, our quantitative analysis of the subreddit titles and their content showed that in
addition to communities dedicated to particular skills, i.e., “r/Javascript”, “r/Programming”, and
“r/PostgreSQL”, by applying our data collection approach explained in Section 3, we were also able
to include a wider range of subreddits, such as “r/InformationTechnology”, and “r/Redditdev”, where
more general IT-related topics were discussed. We analyzed all the posts that were posted within
a 30-day period in our dataset for each subreddit and computed the frequency of the posts that
contained one of our IT skills in their body or title. We found that while the majority of the posts in
skill-related subreddits contained one of the IT skills in the posts, i.e., 64% in “r/CSS”, 75% in “r/SQL”,
and 93% in “r/docker”, a noticeable portion of the posts in more general IT-related subreddits also
contained at least one of our IT-skills. For example, 33% of the posts in “r/computerscience”, 30%
in “r/ComputerEngineering”, and 29% in “r/TechInsightreports” mentioned one of our IT skills in
them. This observation demonstrates that while by focusing on the posts based on a list of IT skills,
we might overlook some of the issues that IT workers discuss without mentioning IT skill terms,
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our data collection method was able to capture a more comprehensive and diverse range of relevant
discussions that may not surface within the confines of a specialized IT-focused subreddit. This
approach allows for a richer and more holistic understanding of how IT skills are employed and
discussed across Reddit’s vast and multifaceted landscape of communities.

B Codebook Validity (Extended Analysis with Additional Data)
To investigate whether IT workers’ challenges remain the same or change over time, we obtained
additional Reddit posts from Pushshift, posted between March 2020 and December 2021. Based
on the additional data, we followed the same data pre-processing steps explained in Section 3
to prepare the collected data for further analysis. As a result, we collected an additional 459,156
unique posts in 516 subreddits, posted by 259,286 unique users. To identify the topics discussed in
Reddit posts, as discussed in Section 4.1, we created a codebook by employing an inductive coding
technique. To find the conceptual categories in the new data, we randomly sampled 1,000 Reddit
posts out of 459,156 to develop the codebook. To avoid potential biases, we recruited and trained
three coders familiar with labor market topics who were not involved in the original coding process
to individually code each sample in the 1,000 posts. After an iterative process in which the three
coders met regularly to form the conceptual categories, the coders verified the obtained codebook.
We found that 83.5% of the identified codes were completely overlapping with the findings reported
in the results in this article. The list of additional unique codes (remaining non-overlapping 17% of
codes) and a detailed description of them can be found in Table 14. Please note that in Table 14, we
only reported the new codes that the coders identified in the new data that were not mentioned in
Table 3.

Table 14. Codebook of New Topics Derived From Reddit Posts Extracted Between March 2020 and
December 2021 That Were Different from Those Observed Between January 2015 and August 2019

Topic Definition
Community
Appreciation

Demonstration of gratitude for support during the difficult
COVID-19 era.

Community
Building

Reaching out to individuals of common interests.

Anecdote User shares anecdotal lived experience(s) of a certain
circumstance/challenge.

Advertisement An ad or coupon code promoting traffic to a service or product.
General Curiosity User demonstrates a general curiosity for the topic and/or its

contextual relevance.
App Promotion and
User Engagement

A set of strategies, activities, and techniques used by app developers
and marketers to increase the visibility and usage of a mobile
application (app) among its target audience. This involves promoting
the app to attract new users and engaging existing users to ensure
they continue using the app regularly.

Investment and
Financial Analysis

Refers to the process of evaluating the financial performance,
viability, and potential risks and rewards associated with
investments. It involves using various financial metrics, techniques,
and models to assess the attractiveness of an investment
opportunity, make informed investment decisions, and manage
financial assets effectively.

We note that 83.5% of the data had the same codes.

ACM Trans. Soc. Comput., Vol. 9, No. 2, Article 12. Publication date: May 2026.



12:44 J. Mahdavimoghaddam et al.

By analyzing the frequency of the posts that were categorized under each topic in Table 14,
we noticed that 6% of the data belonged to the “Community Building”, 4.7% to the “Community
Appreciation”, and only 5.8% of the posts were coded into “Anecdote”, “Advertisement”, “General
Curiosity”, “App Promotion and User Engagement”, and “Investment and Financial Analysis” topics.
However, it is important to note that 83.5% of the posts were labeled with the codes in Table 3. This
observation demonstrated that while some of the challenges of IT workers might evolve or new
ones might arise over time, their main concerns around “Skill Development”, “Job Applications/Job
Search”, “Education”, and “Employment/Job Concerns” remained the same over time.

C Performance Comparison of Machine Learning Classifiers
In this section, we provide a performance comparison of the five trained machine learning models
for the topic classification task. This comparison can be found in Table 15.

Table 15. Comparison of the Performances of the 5 Trained Machine
Learning Models for the Topic Classification Task

Topic Classifier Precision Recall F1-Score
BERT (base uncased) 0.76 0.77 0.76
XLNet 0.77 0.78 0.77
LR 0.75 0.68 0.72
LinearSVC 0.74 0.68 0.71

Job Applications/Job Search

RF 0.77 0.18 0.29
BERT (base uncased) 0.82 0.84 0.83
XLNet 0.84 0.85 0.85
LR 0.81 0.81 0.81
LinearSVC 0.83 0.78 0.80

Skill Development

RF 0.57 0.85 0.68
BERT (base uncased) 0.73 0.74 0.73
XLNet 0.73 0.83 0.78
LR 0.66 0.73 0.70
LinearSVC 0.64 0.71 0.67

Employment/Job Concerns

RF 0.71 0.06 0.12
BERT (base uncased) 0.77 0.78 0.77
XLNet 0.79 0.79 0.79
LR 0.73 0.75 0.74
LinearSVC 0.70 0.75 0.73

Education

RF 0.82 0.13 0.23
BERT (base uncased) 0.90 0.87 0.88
XLNet 0.91 0.87 0.89
LR 0.87 0.86 0.87
LinearSVC 0.84 0.88 0.86

Other

RF 0.77 0.88 0.82
BERT (base uncased) 0.834 0.832 0.833
XLNet 0.848 0.845 0.846
LR 0.807 0.806 0.806
LinearSVC 0.801 0.797 0.797

Mean

RF 0.698 0.667 0.602
The overall accuracy for all the topics is reported at the end of the table. The outperforming model based on
F1-score is XLNet.
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