SUMMARY

In this age of digital technology, the usage of online social
networks is higher than ever before, which opens up new oppor-
tunities for analyzing high volumes of data. Today, people use
social media for various purposes such as having conversations,
sharing information, creating web content, marketing, and more.
As the usage of social media platforms has increased, so has the
amount of publicly available data, which can be analyzed and
utilized for various purposes.

With the rise of many online job and employee experience
sites, research have analyzed the large amounts of employee re-
views available on these sites to better understand job satisfaction
in relation to the performance of employees. For understanding
these large amounts of textual unstructured data, topic modelling
is a widely used technique, which given a collection of docu-
ments outputs a number of topics. These topics can then be fur-
ther analyzed using methods such as correspondence analysis or
sentiment analysis, which helps with identifying interesting pat-
terns in the data.

In this study, the focus was set on analyzing large tech com-
panies on the online employment experience platform Glass-
door. Reviews for 20 companies were scraped here, which went
through a textual preprocessing phase resulting in a corpus to be
used as input for topic modelling. In the next step, Latent Dirich-
let Allocation (LDA) topic modelling was used on the corpus
to generate a total of 9 workplace-related topics. As these top-
ics provide information about what the employees speak of, the
topics were further analyzed through a correspondence analysis
for depicting which topics are more dominant in certain compa-
nies, and sentiment analysis using a lexicon sentiment analyzer
for finding the best and worst topics in each company.

Findings reveal interesting facts about dominant topics
across the large tech companies. Specifically the topic Customer
service was more isolated compared to other topics, and the topic
Time and scheduling was isolated as well, but more dominant in
a few companies. The sentiment analysis discovered the topics
Work-life-balance and Pay and benefits as being the most pos-
itively spoken of, and Hiring and promotion as being the most
negatively spoken of. Future research can be taken into several
directions, such as exploring companies of other industries or
looking into other features of the review data that can potentially
reveal some interesting facts about the employees.
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ABSTRACT

An increasing amount publicly available data on social me-
dia platforms opens up for more opportunities for learning about
topics of discussion. In this study, 20 large tech companies were
analyzed, utilizing the large amounts of employee experience re-
views available on Glassdoor to get understanding of the topics
employees talk about. This was achieved by firstly performing
LDA topic modelling on a large corpus of 40.000 company re-
views, which revealed 9 corporate topics. These topics were then
analyzed in the individual companies using several analyses, in-
cluding a correspondence analysis, and sentiment analysis. The
findings from the analyses contributes with knowledge about the
value of information to be found in employee reviews, which
may help companies gain insight into the working life and satis-
faction of employees.
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2 INTRODUCTION

Using social media platforms today, people can find infor-
mation about jobs through online reviews sharing experiences
and opinions of working at a company. Online platforms like
Glassdoor allows job seekers to find employee experience infor-
mation in reviews from companies, which can help them in their
decision of applying to a job [12].

Whether you are reading employee reviews or product re-
views, reading the reviews can impact your decision of applying
for a job or buying a product. Job information through word-of-

mouth on social media can impact employer attractiveness and
can therefore impact the job seeker’s decision to apply for a job
[3]. According to a survey from Dimensional research, 90 % of
consumers who recalled reading online reviews claimed that pos-
itive reviews influenced their decision to buy. On the flip side, the
negative reviews influenced 86 % of the consumer’s buying deci-
sions [27]. The online reviews can therefore be a great source of
information not only for the customers, but also for the compa-
nies learning about the satisfaction of customers. Or in the case
of Glassdoor employee reviews, knowledge about the satisfac-
tion of employees working in a company can be extracted [18].
Previous work on the effect of social media on workplaces shows
evidence of workplaces improving their practices and related dis-
closures after being reviewed on Glassdoor [10].

In this study, workplace-related topics are identified from
employee experience information extracted from Glassdoor re-
views with the purpose of drawing a picture of which workplace
topic areas their employees talk about and maybe can learn from
in order to improve their company. The study was conducted by
scraping online reviews from the largest tech companies around
the world according to market cap. Afterwards, topic modelling
was performed on the reviews resulting in 9 identified topics. The
topics will be referred to as “corporate topics” or just ’topics”.

Using the identified corporate topics as a basis, several anal-
yses will be conducted on the companies, including a correspon-
dence analysis and sentiment analyses. With this, the study will
contribute with knowledge about what topics are discussed in the
largest tech companies today, which in return will be beneficial
for companies to know for finding improvements and stay com-
petitive. Knowing how employees feel about certain topics can
potentially help HR and business managers in finding areas to be
improved on and in return improve employees job satisfaction.



3 RELATED WORK

Previous studies have utilized the increasing number of on-
line textual reviews for trying to understand the satisfaction of
the reviewers. A study has used online textual reviews for pre-
dicting the overall customer satisfaction by understanding how
the linguistic characteristics, such as subjectivity and readabil-
ity, influence customer ratings [30]. Another study identified job
satisfaction factors using topic modelling on online reviews from
IT companies in South Korea posted on jobplanet.co.kr [18]. In
addition, the importance and sentiments (Negative, Neutral, Pos-
itive) of the identified factors were computed for the multiple
companies, providing businesses with insights into the satisfac-
tion of employees. Studies have even revealed that a relationship
can be found between the satisfaction of employees and corpo-
rate performance [21] [16]. One study performed textual anal-
ysis on Glassdoor review data and discovered the corporate cat-
egories: safety, communication, and integrity to be negatively
correlated with company performance [21].

As the company reviews give insights into employees’ job
satisfaction, the identified factors can be utilized to support deci-
sions made by the business managers and improve the business
in the end. Prior work in fields of HCI and CSCW has even intro-
duced a design of tools for similar purposes. One study have in-
troduced a tool called Enterprise Social Pulse (ESP), designed to
support analysts’ in understanding employee chatter in the form
of social media content [25][2]. The tool was designed both for
understanding what employees talk about and with what senti-
ment. The tool included visual Ul-design features such as: an
overview of the top 10 topics extracted, top positive topics, and
top negative topics. Another study designed and developed an
employee voice system as a Enterprise Social Network to facili-
tate discussion about workplace issues, which are often challeng-
ing to discuss openly at the workplace [2].

3.1 Text analysis trends

Using a text-mining approach like topic modelling seems to
have become more and more popular for analyzing large amounts
of unstructured data and finding interesting patterns [20] [5] [1].
One study in the field of HCI identified national Al policies using
topic modelling on a set of 25 national Al documents from mul-
tiple countries. The study identified differences and similarities
of discussed Al policies between countries, which contributed
more knowledge for researchers to understand which areas to fo-
cus on within a country. Additionally, they extended their topic
modelling analysis with a correspondence analysis to provide an
overview of the differences between countries in terms of which
topics were discussed. The same approach can be used in this
study, to map out the differences between companies in terms
of their corporate topics [5]. This will be useful for understand-
ing how similar companies are in terms of their corporate top-
ics. Topic modelling has previously been used to successfully

extract job satisfaction factors such as (Salary, Vacation, Self-
development) from online employee reviews from a Korean job
site [18], which indicates the usefulness of using approach. This
also makes it ideal for a comparison between these job satisfac-
tion factors and the corporate topics identified in my study, as
they should be slightly similar.

Sentiment analysis is a popular method used for understand-
ing the feelings associated with words and texts as a whole.
Through this analysis, the sentiment polarity (Positive, Neutral,
and Negative) of sentences can be measured and used to under-
stand how consumers feel about a certain product or how em-
ployees feel about their job and company. Previous HCI research
have designed data analysis tools targeted data scientists that uti-
lize sentiment analysis [25][29]. A recent study from 2020, de-
veloped an interactive system that enabled data scientist to get
insights from reviews, including extracting the sentiments [29].
The study used a pre-trained state-of-art language model called
BERT (Bidirectional Encoder Representation for Transformer),
which has achieved great success in the field of AI [15]. But
using an existing pre-trained model requires the data to be la-
belled with their ground truth sentiment, which is not the case
for Glassdoor reviews used in this study.

Lexicon-based approaches to sentiment analysis have been
used as an alternative for analyzing the sentiments of social me-
dia content. One study compared the machine learning approach
with the lexicon-based, and the results indicated similar perfor-
mance, but still the machine learning approach trained with man-
ually classified data outperforms the lexicon-based [9]. My study
explore the use of the lexicon-based approach, and its accuracy
will be tested on the Glassdoor reviews, before it is chosen for
the study.

Previous research show workplace satisfaction factors have
been identified and analyzed in terms of importance and senti-
ments. This study will provide more knowledge about the cor-
porate topics discussed in employee reviews of large tech com-
panies, and what valuable knowledge about these topics can be
extracted from company reviews. In addition, this study will an-
alyze the corporate topics’ sentiments in the different companies
to get an understanding about the worst and best topics discussed
by employees. Diverging from previous studies, this study will
focus on extracting corporate topics from the largest tech compa-
nies in the world, as these companies have a massive amount of
reviews available on online social media platforms, which may
reveal interesting findings that can be utilized by the companies
to gain insights into which areas to improve on.

Reliability of Glassdoor reviews

The data analyzed in this study will be employee social me-
dia data in the form of Glassdoor reviews, which will analyzed
in terms of both related corporate topics and their sentiments. As
Glassdoor wants to help people find a job and a company that



they love, they try to be very transparent and honest about the
data shared on the platform [12], which is a great indicator of
how reliable the reviews are. Employees are allowed to write
anonymously about both the good and bad things about their ex-
periences working at the companies. As the reviews are anony-
mous, employees are more likely to tell their honest of opinion
of working at a company [11]. In addition, they make sure to
look into cases of fraudulent reviews, and enabling users to flag
reviews if they have suspicion about fraudulent activity [13].

4 METHOD
4.1 Data collection

Review data was collected from 20 of the top 100 largest
tech companies by market cap as of March 2022. To have a good
sample size of reviews in the corpus used for topic modelling,
2000 reviews were scraped from each company on Glassdoor.
Le., a total of 40.000 reviews were included in the corpus. The
reason for choosing 2.000 reviews from each of the 20 companies
was due to the fact that not all of them had a sufficient amount of
reviews to be able to include them in the study. While examining
companies on Glassdoor, it was assessed that most of the com-
panies had at least 2.000 reviews available, and therefore only
companies who had at least 2.000 reviews were chosen.

To collect the reviews, the data was scraped in the order,
starting from the most recent reviews. A review consist of a to-
tal of 3 text sections: pros, cons, and advice to management, as
illustrated on figure 1. Every section of the review was scraped
and included in the corpus.

4.2 Textual pre-processing

To prepare the corpus used for generating the topics as il-
lustrated in figure 2, each review went through a textual pre-
processing phase, converting the unstructured review data into
structured data of tokens. This phase included the process of
breaking down the sections of text into word-tokens and remov-
ing meaningless words in the form of stopwords and adjectives.
Words were tagged according to their Part of Speech (POS), and
only nouns, verbs, and adverbs were extracted, as other POS-
categories don’t provide much meaning to the sentences. In ad-
dition, lemmatization was performed on the word-tokens, reduc-
ing words to their base form (e.g. benefits — benefit). In the last
step, frequent bigrams and trigrams were identified from the text.
These word sequences consist of two consecutive words in the
form of a bigram (e.g. fast pace), or three consecutive words in
the form of a trigram (e.g. work life balance). After the bigrams
and trigrams have been identified, an id-to-word dictionary and
term-frequency corpus was created and used as input for topic
modelling. The term-frequency corpus is used for looking up the
number of occurrences of a term within a document/review and
the id-to-word dictionary is used for looking up a word token
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FIGURE 1. Example of Glassdoor review

associated with an integer ID [24].

5 RESULTS
5.1 Topic modelling

To perform topic modelling a Latent Dirichlet Allocation
(LDA) topic modelling algorithm was used to extract corporate
topics from Glassdoor reviews. By using topic modelling, topics
that best describe a set of documents/reviews can be identified
using probability distribution theory. The LDA model finds the
topics based on the assumption that words in a document are
related. The topic modelling algorithm chosen used Gibbs sam-
pling, which is a slower but more precise method compared to
the Variational Bayes sampling method [6]. Using Gibbs sam-
pling will therefore be the better option for achieving topics with
great coherence, which is a measure of the degree of similarity
between the words of a single topic.

To find a good amount of topics, coherence scores were cal-
culated for multiple topic models with a varying number of top-
ics between 2 and 29 topics. The CV coherence metric was used
ranging from O to 1, with a score closer to 1 indicating a bet-
ter coherence between the words within a topic. The best model
obtained a coherence score of 0.684 and generated a total of 9
topics. The topics can be seen in table 1 together with the word
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tokens associated with the topics.

Each topic were labeled with an appropriate title according
to the most salient terms, which are the words that are the most
informative for the topic, thereby the most characteristic terms
for defining a topic [8][22]. As an example, the most salient
terms for topic number 6 on figure 1 are Company, Opportunity,
Growth, Learn, and Career, which can with some human reason-
ing be aggregated to the title label Development and growth.

5.2 Correspondence analysis

Given the discovery of the corporate topics, a correspon-
dence analysis between the topics and companies was conducted
with the purpose of observing how the discussion of topics differs
from one company to another. The same 20 large tech companies
chosen for topic modelling were chosen for this analysis, which
had a minimum of 2000 reviews. To access when a topic is being
discussed, the frequencies of terms associated with a topic were
counted, and lastly the sum of the term-frequencies for each topic
was computed. This procedure was performed for each of the 20
companies and used in the correspondence analysis resulting in
figure 3.

TABLE 1.

The corporate topics generated with topic modelling to-
gether with the top 15 related word tokens

Topic  Title Word tokens
Work, Life balance, Environment,
0 ‘Work-life- Culture, People, Life, Love, Working,
balance Colleague, Balance, Enjoy, Fast pace,
Place, Travel, Load
Benefit, Pay, Salary, Compensation,
| Pay and Flexibility, Perk, Bonus, Culture,
benefits Coworker, Stock, Offer, Food, Location,
Health, Plan
Time, Hour, Work, Job, Office,
) Time and Home, Schedule, Week, Shift,
scheduling Depend, Meeting, Expect, Require,
Vacation, Break
Team, Management, Project, Support,
3 Project Experience, Group, Communication,
management  Lead, Resource, Engineer, Client,
Improve, Build, Manage, System
Customer Customer, Sale, Issue, Service, Feedba-ck,
4 Service line, Money, Share, Deal, Month, Provide,
Hear, Call, Drive, Time
People, Employee, Company, Care,
5 Employee Management, Training, Job, Treat,
management  Listen, Program, Respect, Invest,
Reward, Trust, Community
Change, Product, Leadership, Focus,
6 Business and  Business, Organization, Leader,
innovation Market, Politic, Culture, Talent,
Impact, Decision, Term, Innovation
Manager, Year, Management, Hire, Level,
7 Hiring and Promotion, Position, Promote,
promotion Department, Raise, HR, Performance,
worker, base, Layoff
Company, Opportunity, Growth, Learn,
3 Development Career, grow, Technology, Challenge,
and growth Role, Tech, Industry, Culture,

Experience, Area, Provide

From observing the analysis, the companies seems to by

spread widely amongst the 9 topics, but with a few patterns of
interest. To the right side of the plot, the companies: Apple,
Tesla, Uber, and Amazon are situated close to the topic Time
and scheduling, which means this topic was frequently discussed
in these companies. Another point of interest can be seen on
the top middle part of the plot, where Hiring and promotion is
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FIGURE 3. Correspondence analysis between corporate topics and companies

situated close to the companies: Fiserv and IQVIA. Companies
like Google and Microsoft seems to be more isolated from topics
compared to other companies, but their closest topics are Work-
life-balance and Pay and benefits. Several other points of interest
can be observed from the plot on figure 3, but these are some of
the more noticeable ones worth mentioning.

5.3 Sentiment analysis

For extracting sentiments of the corporate topics, lexicon
sentiment analyzers were tested on the Glassdoor reviews to give
an indication of their accuracy on this kind of data.

As the Glassdoor reviews are already seperated into pros
and cons, extracting positive and negative feelings and opinions
about the data seems obvious. But by examining the individual
review sentences, problems are revealed, e.g. it’s not always the
case that the positive statements are written in the pros section,
and vice versa for the negative statements. Given the example
sentences written in cons: “This job has a high level of stress.
Overall great experience though” tells both something negative
about the job (high level of stress) and something positive about

the job (great experience). If these sentences are written in the
cons section of the review, both statements will be considered
negative. Automatically processing the reviews one by one and
assuming only the positive statements are mentioned in the pros
and only the negative statements are written in the cons might
therefore be a slightly inaccurate approach.

To deal with this problem, the option of using a sentiment
analyzer was explored by testing two popular lexicon sentiment
analyzers on 2.000 Glassdoor reviews. As the length of reviews
varies, they were broken down into sentences by splitting at every
punctuation resulting in a total of 5.075 sentences to be classified.
Vader and Textblob are two popular textual lexicon sentiment
analyzers chosen for this test, with Vader performing especially
well on social media content [7]. For this test, an analyzer makes
a correct prediction, if a sentence has been predicted with a po-
larity corresponding to the section to which it belongs to. For
example, if the sentence was predicted with a negative polarity
and belonged to the cons review section, then the prediction was
correct.

Results of the tests in table 2 show improved accuracy with



TABLE 2. Lexicon sentiment analysis on 2000 Glassdoor reviews consisting of a total of 5.075 sentences

True

Analyzer positives

Accuracy

False
negatives

True
negatives

False
positives

Vader 0.844 2413

726 1844 62

Textblob 0.808 2419

the choice of the Vader lexicon sentiment analyzer compared to
Textblob, which is also backed up by previous research [7]. Both
analyzers perform poorly in predicting the cons and perform sim-
ilarly in predicting the pros. With these results in mind, a lexi-
con analyzer will not be used for predicting the cons, as they
are simply too inaccurate. Observing the number of false neg-
atives, on the other hand, the accuracy was much better with a
total of only 62 and 56 pros predicted with a negative sentiment.
To access the amount of miss-placed pros (a con written in pros),
the 62 sentences were manually checked to see if they belong in
the pros. Out of the 62 wrongly predicted pros sentences, 14 of
them did not belong in the pros. The other 48 sentences were
either unclear as to which sentiment they should have, or simply
just a wrong prediction by the analyzer. To handle the problem
of miss-placed sentences it was decided that all the sentences in
pros predicted with negative sentiment were discarded for sen-
timent analysis of the corporate topics. The Vader sentiment
analyzer was therefore used exclusively on the positive review
sections to filter off pros predicted with a negative sentiment

5.4 Topic sentiment analysis

Timeline analysis of the topics was conducted to showcase
how the discussion of topics has changed in terms of sentiment
over time in the companies. To calculate the sentiment of a topic,
the following equation was used:

Z?:() (PtA,m,i - Ct,m,i)
?:0 (Ptm,i +CtAm,i)

Sen(T;,M,,) = (1)

where Sen(T;,M,,) is the sentiment score calculated for a
topic 7; in a month M,. P, ;; is the number of pros associated
with the t-th topic in the m’th month, in the i-th review-sentence,
and C; ,,,; is the number of cons associated with t-th topic in the
m-th month, in the i-th review-sentence. The result of equation
1 shows that the sentiment of a topic will be closer to 1 the more
positive it is, and closer to -1 the more negative it is. The re-
sults of mapping the topic sentiments for the company /BM can
be seen on the line-chart of figure 4. By observing the chart,
topic 0 about Work-life-balance, generally seems to be a posi-
tively loaded topic in this company, and on the other end topics
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FIGURE 4. Time-line sentiment analysis of the 9 corporate topics for
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4 and 7 about customer service, and hiring and promotion seems
to be more negatively loaded.

To assess whether the feelings about the corporate topics are
similar for large companies in general, the same 20 large tech
companies used for topic modelling were used for the topic sen-
timent analysis. The results of this analysis showing in figure
5 looks quite similar to figure 4, with the major difference be-
ing topic 1 about pay and benefits rising to the top in positivity
alongside topic 0. This indicates a high average of employees
speaking positively about pay and benefits in large tech compa-
nies through the past year. Comparing with the graph in figure
4 of the IBM company, pay and benefits seems to be a corporate
topic to be improved on in this specific company, as the topic is
significantly below the average sentiment score for this topic.

These graphs also seem to agree with with generally the best
and worst topics in terms of sentiment for the 20 companies, as
showcased in figure 6. Here 11 out of the 20 companies had
work-life-balance as the topic with the highest sentiment and the

2022-03
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other 9 companies had Pay and benefits as the topic with the
highest sentiment. For the worst topics in terms of negative sen-
timent, Hiring and promotion was undoubtedly the most negative
of them with 18 out of 20 companies scoring the lowest on this
topic, followed by topic 4 Customer service scoring the lowest in
2 companies.

The results of the sentiment analysis seem to comply with
both positive and negative topics identified from employee re-
views in previous studies. A study identified the topic Com-
pensation/benefits as being the most dominant from the positive
feedback, which matches the high positivity of topic Pay and
Benefits [26]. In addition, recruitment was an identified topic
from the negative feedback, which explains why the similar topic
of Hiring and Promotion has a negative sentiment in figures 4
and 5. This seems to be a trend in other text analysis studies as
well [18].

6 DISCUSSION

Through multiple analyses of employee experience reviews
on the Glassdoor platform, several findings have been discov-
ered. Hidden corporate topics were identified in a large set of
unstructured review data using LDA topic modelling. These top-
ics were then utilized for analyses on a company level to reveal
the dominance and sentiment of topics in individual companies.

6.1 Topic assessment

The corporate topics identified through topic modelling pro-
vide us with information about what kind of topics are discussed
in the largest tech companies today. By comparing the corpo-
rate topics with topics found in existing Human Resource Man-
agement (HRM) related literature, some resemblance was found,
which may indicate that these are common topics concerning the
majority of employees [18][26][23]. Compared to a previous
study identifying job 30 satisfaction factors, the corporate topics
are somewhat similar to the factors identified [18]. Examining
the factors closely revealed an overlap between the satisfaction
factors and the topics. A factor like Human resource was also
related to promotion and position, just like topic 7 Hiring and
promotion in table 1, and the factor Self-development was very
similar to the topic Development and growth, as it also included
the keywords advancement, opportunity, experience, and growth.
Another study studying employee topics in online reviews also
find similar topics, except for a few topics such as Hiring and
promotion [26]. The inconsistency between the number of top-
ics and factors identified can be due to several parameters, such
as the chosen topic modelling algorithm, the parameters used for
running the algorithm, or the collection of review data.

The major differences in the topics identified in this study
were:

topic 5: Employee management
topic 6: Business and innovation

These two topics were not clearly present in previous studies,
as their associated keywords didn’t match well with any topics.
Taking a closer look into topic 5 of Employee management, com-
pared to other topics, it appears to be very broad topic concerning
several subcategories related to managing employees in a work-
place, e.g. employee care, training, trust and respect. Look-
ing into topic 6 of Business and innovation, the keywords also
seem to be covering a wide range of smaller topics, such as in-
novation, leadership, business, and more, which made it difficult
labelling this topic with a meaningful title. Choosing another
topic modelling algorithm or choosing other parameters for the
algorithm might have revealed those categories as topics. Even
though some topics could be improved on, the topics identified
covers many areas concerning the employee, and even extending
with additional topics not found in previous studies.

6.2 Job satisfaction and topic sentiment

Observing the sentiment of the topics revealed a pattern
across the 20 companies. Topics 0. Work-life-balance and 1.
Pay and benefits scored the highest in terms of sentiment across
all companies. Analyzing the results from a job satisfaction point
of view, a study has revealed that fringe benefits (nonwage pay-
ment) are significant and positive determinants of job satisfac-
tion, which could be a reason why Pay and benefits is such a hot
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topic in the positive reviews [4]. Pay, on the other hand, a study
has found to also bear a positive, but quite modest, relationship
to job satisfaction [17]. For topic 0. Work-life-balance a study
has been conducted that shows the important role that work-life
balance plays in promoting better life and job satisfaction for
employees across different cultures, which can be a reason for its
positive sentiment amongst the employees [14].

Looking at the worst topics, topic 7. Hiring and promotion
scored the lowest in terms of sentiment across all the 20 com-
panies. This topic consist of frequent terms such as managers
and management, which most likely refers broadly to the people
controlling the operations of the company or the HR team re-
sponsible for recruiting, developing, and maintaining employees
in the company. It makes sense why this topic scored the lowest
across all companies, as the negative comments about a company
are mostly directed towards the management responsible for run-
ning the company. In addition, it is the HR management team’s
job to keep employees engaged in their jobs, which studies have
also shown to be positively related to job satisfaction [28] [19].

6.3 Implications

The results of this study are valuable for companies if they
have any interests in understanding the topics employees speak
about in their companies today, and maybe even utilize the data
available from multiple online platforms, in addition to Glass-
door.

The knowledge about the topics might be useful for HCI re-
searchers when designing interactive systems utilizing employee
reviews, such as the tool Enterprise Social Pulse highlighted ear-
lier [25]. Knowledge about the highly positive and negative top-
ics, might find relevance in the process of designing interactive
systems targeted large tech companies. HCI designers should
consider what the employees value in a job, when designing in-
terfaces, and put more emphasis on these values/topics, which
this research might help them getting insight into. Looking from
the employee’s perspective, being aware of which topics are
mentioned positively and negatively in a company can help guide
them in the right direction when seeking a company to work at.
Results of this study can therefore assist job applicants in finding
a job.

The results might also find relevance in other types of re-
search, including business and economics for learning about



what topics employees care about and what business managers
should be concerned about in their business. Knowledge about
sentiment of the corporate topics in companies can provide busi-
ness managers with an overview of positive and negative top-
ics in their company, which can help them in findings areas of
improvement. Measuring the change in sentiments of the top-
ics over time as showcased in figures 4 and 5 by conducting a
monthly or quarterly employee evaluation, could be an valuable
procedure for companies to implement in order to identify areas
of improvement.

6.4 Limitations and future work

This study was limited to analyzing large tech companies,
as these companies had the most public available data. Other
studies could focus on companies in other industries than the
tech industry, which might reveal other topics that the employees
speak of, which are particularly relevant for those industries. A
problem with a lack of data might arise, which could potentially
be solved by extracting data from other employment experience
platforms, besides Glassdoor.

In this study a lexicon sentiment analyzer was used on the
reviews in the pros section to filter off miss-placed cons. In future
research, time could be spent on labelling the reviews with their
ground truth sentiment and train a supervised machine learning
language model on reviews for achieving better accuracy on both
the pros and cons sections of the reviews.

Looking at other features of the review data, such as the role
of the employee in the company writing the review, could be an
interesting direction in a future study. In this case of analyz-
ing tech companies, the majority of employees are software en-
gineers followed by program managers, so investing what kind
topics these different roles speak about could be interesting and
valuable for businesses to know.

7 CONCLUSION

Through this study, more knowledge about workplace-
related topics discussed by employees has been obtained. The
topics identified from conducting topic modelling on reviews
from tech companies have shown to be similar to topics identified
in previous studies analyzing reviews from other companies on
other employee and job experience platforms. These topics can
therefore be valuable parameters for measuring employees’ sat-
isfaction in companies in general, which can potentially be use-
ful knowledge both for companies and employees/job-seekers.
In addition, findings from the sentiment analysis reveal that the
topics about work-life-balance and pay and benefits were stand-
ing out in terms of positivity, and the topic hiring and promotion
was standing out in terms of negativity. In future work, other
features of the review data can be explored or companies from
other industries can be explored and analyzed to find potential

differences in the topics identified and the sentiment polarity of
the topics.
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