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Abstract

Purpose/Thesis: This paper explores the representation of data scientists in scientific
literature. It aims to answer the following questions: How has the number of publications
on data scientists evolved over time? How are papers regarding data scientists distribu-
ted over different fields of study? In what context are data scientists represented in the
scientific literature?

Approach/Methods: The authors used Latent Dirichlet Allocation (LDA) topic modelling
to the resources available within the Semantic Scholar API.

Results and conclusions: There has been an increase in the number of publications on
data scientists since 2008. A robust connection between data scientists and information
technology, as well as biomedical research, was found. Little literature discusses data
scientists in a sociocultural context.

Originality/Value: To our knowledge, no studies have been devoted to the representation
of data scientists in scientific literature. The research may contribute to the conceptuali-
sation of this notion.
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1. Introduction

The rapid increase in the amount of data produced globally requires new forms of data
management to derive value from it. Extracting knowledge from extensive databases
demands skilled professionals capable of creating statistical models to uncover struc-
tured and unstructured data patterns. These professionals are commonly referred
to as data scientists. However, due to the relative novelty of this phenomenon, the
term ‘data scientist’ does not yet have a fixed definition (Hazzan et al., 2023). Given
the rapid evolution of data science as a profession, definitions and roles continue to
shift, reflecting its dynamic nature and widespread influence across diverse domains.
Usually, data science is defined as a multidisciplinary field (Cleveland, 2001). Data
scientists are typically proficient in applying statistical, analytical, and machine-learn-
ing techniques to draw insights from data (Donoho, 2017; Ho et al., 2019), often
intending to create value in a commercial context (Reyes & Felipe, 2018).

In scientific literature, data scientists are primarily treated as a professional group
(Espinoza & Gellegos, 2019). Efforts to define data scientists often involve analysing
their skills and qualifications by examining quantitative data from various sources,
such as job offers (Ho et al., 2019) and heterogeneous sources (Ismail & Zainal Abi-
din, 2016; Coelho Da Silveira et al., 2020). There is a scarcity of qualitative research
on data scientists, although a few studies do exist (Pereira, Cunha, & Fernandes,
2020; Zulicki, 2022; Lowrie, 2017). Despite their undeniable impact on everyday
life (Sledziewska & Woch, 2020) and the broader scientific community (Hazzan
& Mike, 2023), there is limited research on data scientists themselves outside the
commercial context.

Big data is an essential factor not only in today’s global economy but also
in knowledge production (Krumholz, 2014; Priestley & McGrath, 2019). Data
scientists wield powerful tools with uncertain implications (Boyd & Crawford,
2012) that have the potential to reshape the world. Therefore, we believe it is crucial
to explore this topic further to understand better who shapes modern knowledge
and how science reflects dynamic global changes. This paper aims to examine the
representation of data scientists in scientific literature. It also strives to explore
associations between data science and other fields of study, which may contribute
to the conceptualisation of this term. To achieve this, we have employed a data
scientist’s toolkit, including text mining techniques and Latent Dirichlet Allocation
(LDA) topic modelling, to analyse a vast repository of scholarly data accessible
through the Semantic Scholar API. This approach leverages both computational
power and theoretical insight, providing a robust framework for capturing and
analysing the complex web of themes and relationships embedded within the
literature on data science.

Latent Dirichlet Allocation (LDA) is a generative probabilistic model for large
collections of discrete data, especially text corpora. In the original paper written
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by Blei et al. (2003) on Latent Dirichlet Allocation, the authors trained the model
on several datasets for different purposes, including text corpora. The main text
data sets used for training and evaluating LDA included, among others, scientific
abstracts from the C. elegans community, which contained 5,225 documents. The
use of scientific abstracts as part of the evaluation and demonstration of LDA’s
capabilities paper does illustrate its suitability for analysing scientific abstracts by
uncovering latent themes or topics within a large collection of text documents. The
advantage of using LDA is the fact that it is a powerful technique for unsupervised
analysis, making it one of the most extensively used text-mining tools in research
on scholarly data (Thakur & Kumar, 2022) and currently a recognised sciento-
metric tool in library and information sciences (Lamba & Madhusudhan, 2018a;
Lamba & Madhusudhan, 2018b; Miyata et al., 2020; Sugimoto et al., 2011). This
has been reflected in numerous studies using this method for thematic clustering
of scientific articles in multidisciplinary literature research (Anupriya & Karpaga-
valli, 2015; Griffiths & M. Steyvers, 2004) as well within domain-specific context
such as information communication technologies (Lim & Maglio, 2018; Liu et al.,
2016; Cortez et al., 2018; Chen, Wang & Lu, 2016), biomedical sciences (Ebrahimi,
Dehghani & Makkizadeh, 2023; Garcia et al., 2020; Yoon & Suh, 2019; Zou, 2018),
management (Cho et al., 2017; Joo et al., 2018; Moro et al., 2015) environmental
sciences (Chang et al., 2021; Dayeen et al., 2020; Jeon et al., 2018; Syed et al., 2018).
It was used for the classification of scientific papers, as well as for finding patterns
of rhetorical moves (Louvigne et al., 2013).

Using LDA to analyse data on the representation of data scientists in the scientific
literature is a fitting approach, especially considering the multidisciplinary nature
of data science, as it spans fields such as statistics, computer science, machine
learning, business intelligence, and domain-specific applications like healthcare,
finance, and social sciences. LDA is particularly well-suited to uncover hidden
topics across large corpora of text, making it practical for identifying the diverse
themes and sub-disciplines present in the literature that may not be immediately
apparent through manual analysis.

Given that we utilise the Semantic Scholar API to access vast amounts of schol-
arly data, LDA’s ability to handle large data sets makes it a suitable choice. With its
broad scope and frequent updates, data science literature can be overwhelming to
classify and interpret manually, but LDA allows for scalable and automated topic
identification.

By applying LDA, we can discover latent themes that may connect data science
to other fields of study. Doing so allows us to understand better how data science
interacts with, influences, and is influenced by other fields. LDA for this type
of analysis is appropriate because it leverages the model’s strengths in identifying
latent topics within large, multidisciplinary datasets. It captures data science’s
complex and interconnected nature, providing valuable insights into its influence,
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development, and conceptualisation in scholarly discourse. To our best knowledge,
no such research has been published.

2. Research objectives and methodology

Our research questions are as follows:
— Q1. How has the number of publications on data scientists evolved over
time?
— Q2. How are papers regarding data scientists distributed over different
fields of study?
— Q3. In what context are data scientists represented in the scientific lite-
rature?

To answer these questions, we used text mining. It is a collection of techniques
designed to recognise patterns within unstructured and semi-structured textual
data. It aims to uncover previously undiscovered knowledge (Fan et al., 2006).
Exploring patterns in the scientific literature often involves topic modelling. The
fundamental concept behind topic modelling revolves around developing a prob-
abilistic generative model for a collection of textual documents. In topic model-
ling, documents are conceived as blends of topics, where each topic represents
a probability distribution across words (Thakur & Kumar, 2022). Our methodology
involves performing topic modelling on scientific abstracts to identify topics that
can be discerned within scientific literature on data scientists. Automated meth-
ods, of course, come with inherent limitations. An evident drawback is the lack
of control over the quality of the data being analysed. The potential for incorpo-
rating unsuitable data into the analysed dataset is ever-present due to the nature
of automated data extraction methods, particularly when dealing with extensively
unstructured resources. To circumvent the complexities associated with data and
feature extraction from online sources, we utilised the Semantic Scholar database,
which can be accessed through the Semantic Scholar Academic Graph API (S2AG).
The documents were also automatically gathered, but the architecture of Semantic
Scholar facilitates further processing by design (Kinney et al., 2023).

Semantic Scholar is based on an advanced data processing system that consist-
ently acquires documents and metadata from various sources. Semantic Scholar
collaborates with over 50 publishers, data providers, and aggregators, integrating
content from more than 500 academic journals, university presses, and scholarly
societies worldwide. Notable partners include the Association for Computational
Linguistics, ACM, arXiv, BioOne, bioRxiv, BM] Journals, University of Chicago
Press, CiteSeerX, Clinical Trials Transformation Initiative, DBLP, De Gruyter,
Frontiers, HAL, HighWire, IEEE, Karger, medRxiv, Microsoft, Papers With Code,
Project MUSE, PubMed, SAGE Publishing, Science, Scientific.Net, SciTePress,
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Springer Nature, SPIE, SSRN, Taylor & Francis Group, MIT Press, The Royal Society
Publishing, Wiley, and Wolters Kluwer. These partnerships enhance the discov-
erability of scholarly content and provide valuable insights into how researchers
engage with academic materials (Semantic Scholar, n.d.).

This system extracts text and metadata, standardises and clarifies details such
as authors, institutions, and venues, categorises the subject area of each paper,
produces a textual overview of its significant findings, and carries out additional
functions. The Semantic Scholar database encompasses over 200 million articles,
approximately 80 million authors, and around 550,000 publication venues (Kin-
ney, 2023). This breadth of content renders the database extensive and provides
comprehensive coverage of scientific resources.

We requested access to the Semantic Scholar API key. Although we were granted
access to make up to 100 requests per second, downloading a dataset of the scale
we were targeting — potentially up to 200 million entries — posed significant logis-
tical and temporal challenges. Specifically, at this rate, it would take approximately
23 days of continuous, uninterrupted data requests to retrieve the entire corpus.
This limitation highlights several practical issues, including the risk of network
interruptions or API service limitations, which could lead to incomplete data
collection or require retries, further extending the retrieval timeline. Moreover,
handling such a large volume of data presents challenges regarding data storage
capacity, processing power, and data management during analysis. Given these
constraints, we focused on defining a more targeted dataset using specific keywords
and limiting the number of entries retrieved.

With the vast volume of available literature, a focused keyword approach allowed
us to create a manageable and thematically relevant corpus while preserving an-
alytical depth. Our initial approach involved employing the keyword “data scien-
tist” as a search query, as manual checks indicated that the volume of results for
“data scientist” was the same as for “data scientists” We recognise that keyword
dependence may inadvertently exclude some related studies. However, given that
data science remains a relatively novel and niche topic, we decided to download the
10,000 most relevant entries for the keyword “data scientist” per year. We believe
that the specificity of “data scientist” minimises ambiguity, enabling a more focused
analysis aligned with the study’s objectives. Thus, while keyword dependence may
introduce bias, it also reveals valuable insights into the disciplinary contexts, re-
search focus, and evolving engagement with data science across various fields. We
gathered publications spanning from January 2005 to August 2023. The obtained
database contained 188,066 entries for further analysis.

The following inclusion criteria for entries to the corpus were established:

(1) An entry must have a non-empty abstract.

(2) Anentry must contain the phrase , data scientist” in the title or the abstract.

(3) An entry must be associated with a publication venue in some way — the
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field venue or publication_venue has to be non-empty.

(4) An entry must be recognised as written in English.

Feature extraction of the data was provided by Semantic Scholar. We decided
to select the following features for the analysis and filtering: paperld (an identifier
of a paper), title, abstract, fieldsOfStudy, publicationTypes, publicationVenue (an
identifier of a journal), venue (journal name) and year of publication. After filtering,
duplicates were removed from the corpus.

For the analysis and processing, we used Python language with specific libraries.
For text pre-processing and analysis, the following libraries were used:

(1) re for text cleaning,

(2) nltk for tokenisation and stop-words cleaning,

(3) spacy for lemmatisation,

(4) wordcloud for data visualisation,

(5) langdetect for language detection.

For LDA analysis, we used:

(1) re for text cleaning,

(2) nltk for tokenisation and stop-words cleaning,

(3) spacy for lemmatisation,

(4) wordcloud for data visualisation,

(5) langdetect for language detection.

The pipeline for analysis was taken in the following steps:

(1) Database acquisition from Semantic Scholar API (188 066 most relevant

entries to keyword “data scientist”).

(2) Filtering by inclusion criteria (1-3) mentioned above, performed on lo-
wercased abstracts and titles in order to gather all relevant data (but the
abstracts were saved with capitalisation for further analysis).

(3) Language identification and filtering out non-English publications.

(4) Lowercasingabstracts to avoid distinguishing words with the same meaning.

(5) Word filtering:

a. Removing “-” in the middle of words to preserve words so they would
not be treated as separate tokens.

b. Removing one-character words.

¢. Removing numbers and special characters.

d. Removing stop-words (most used words in English) to exclude words
that occur most frequently and create unnecessary noise in the data.

(6) Lemmatization — aggregating various grammatical forms of a word to treat
it as a single entity, denoted by the word’s lemma or its base form as found
in a dictionary.

(7) Removing extra stop-words (data, science, etc.) to eliminate highly com-
mon words often associated with data scientists, which could introduce
unwanted noise.



Data scientists in the scientific.. | Data scientists w literaturze naukowey...

53

(8) Counting total word occurrences to determine other potential stop-words
and create a word cloud.

(9) Tokenization (splitting text into separate words).

(10) n-gram counting (n = 2,3) to uncover the most common bigrams and
trigrams.

(11) Joining meaningful n-grams as a single token to preserve tokens with se-
parate meanings, eg., machine learning — machinelearning.

(12) Token filtering to avoid noise in the data:
a. Removing tokens that occurred less than five times in the corpus.
b. Token has to occur in at least 3 unique documents.
c. The token has to be longer than 3 characters or be included in a list

of meaningful tokens (such as ml, nlp, or ai).

(13) Deleting duplicate entries from the database to avoid using the identical
article metadata in the analysis more than once.

(14) Performing LDA with sklearn.

(15) Visualizing the results with pyLDAvis.

(16) Iterative experimenting with the number of clusters to collaboratively find
the number most suitable for interpretation.

(17) Qualitative interpretation of the topics.

3. Results

Through the process of filtering the initial database by removing entries with empty
abstracts or empty publication venues, we gathered a collection of 76,817 schol-
arly metadata files. We then applied an additional condition, requiring each entry
to contain the phrase “data scientist” in either the abstract or the title, resulting
in a refined database of 2,239 entries. As Semantic Scholar categorises its entries
into fields of study, the distribution of documents within the corpus we created
for this research is depicted in Table 1.

Table 1. Document count by field of study in relation to the volume of the whole corpus.

field of study # of d:)cs witl} th(? i t'otal # of docs % of d“ocs Witl'l th.e i
phrase “data scientist in the corpus phrase “data scientist
Computer Science 1654 43034 3.84
Medicine 339 25355 1.34
Not Assigned 299 7031 4.25
Mathematics 91 3578 2.54
Engineering 86 2415 3.56
Sociology 47 1466 3.21
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field of study # of d‘?cs witl} the' i t'otal # of docs % of c!‘ocs Witl:l thf! i
phrase “data scientist in the corpus phrase “data scientist
Business 31 1295 2.39
Biology 29 5637 0.51
Psychology 29 2685 1.08
Political Science 25 1411 1.77
Physics 16 1229 1.30
Geography 14 1571 0.89
Geology 3 550 0.55
Economics 3 544 0.55
Art 2 87 2.30
Materials Science 1 375 0.27
History 1 264 0.38
Philosophy 0 78 0.00

Note: A paper may have one, none or multiple fields of study assigned. Source: self-authored.

We encountered the overrepresentation of Computer Science publications in our
corpus. It was expected as it reflects the historical and disciplinary roots of data
science, primarily anchored in computational and technical domains. Conversely,
fewer publications in such fields of studies as Social Studies, Geology and Philos-
ophy may stem from different terminologies or less frequent engagement with the
explicit term “data scientist”

A significant proportion of publications in our corpus belong to the domain
of Computer Science (1654), comprising 3.84% of the total publications in this
field. The field of Medicine follows in terms of the number of publications, though
with a significantly lower document count (339). This trend is unsurprising, given
the widespread integration of technical advancements and Al solutions in medical
research and diagnostics (Lai et al., 2021). However, it is important to note that the
database may exhibit a bias due to the potential underrepresentation of papers from
other fields of study. This bias could be attributed to Semantic Scholar’s original
focus as a database for computer science, geoscience, and neuroscience, which only
expanded to include biomedical literature starting in 2017 (Fricke, 2018). Despite
this, the proportion of entries containing the term “data scientist” in relation to the
entire corpus remains relatively low (1.34%) compared to fields like Mathematics (91
publications/2.54%), which, despite having fewer total publications, demonstrates
better relative representation. Engineering has 86 publications, representing 1.08%.
Other fields exhibit very low numbers (<50) of abstracts or titles containing the
phrase “data scientist”. This distribution of documents across various fields reveals
a scarcity of research on data scientists within socio-economic and socio-cultural
contexts. It highlights a significant research gap in this area.
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Numbers of publications per year are displayed in Table 2. The first publica-

tion involving data scientists in the abstract or title was published in 2008. The
number of publications started to rise gradually in 2012, which seems related to

the beginning of “the era of big data” which started in this period (Floridi, 2014).

Interest in the subject was the highest in 2020. In 2022, the number of publications
noticeably decreased, but in August 2023, there were 237 publications, and it is
reasonable to expect that it has risen by the end of the year.

Table 2. Number of publications per year.

Year #
2008 1
2009 3
2010 2
2011 4
2012 11
2013 39
2014 52
2015 85
2016 133
2017 188
2018 243
2019 308
2020 356
2021 349
2022 255
2023 237

By performing the steps mentioned in the “Research objectives and methodology’

Source: self-authored.

4

section, we acquired outcomes displaying word cloud visualising the 50 most fre-

quent words (Figure 1), 25 of which are presented in Figure 2. As anticipated, the
most prevalent term prior to lemmatisation and word filtration is “data’; followed
by “scientist” To enhance the relevance of the analysis, we decided to exclude these
words by generating additional customised stop words.

Another step in the analysis was lemmatising the vocabulary and performing
n-gram counting to uncover prevalent co-occurring phrases. This process offered

valuable insights by helping to create supplementary tokens that encapsulate mean-
ingful expressions. The most common bigrams often refer to specific phenomena,

such as artificial intelligence or machine learning, and therefore, they should not
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be split into separate tokens. We created a list of such phrases as specific tokens.
The results of n-gram counting are shown in Figures 3 to 5.
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Figure 1. Word cloud of 50 most common words.

Source: self-authored.
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Figure 2. 25 most common words.

Source: self-authored.
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learning
paper
machine
use
analysis
research
new
model
results
models
different
work
system
based
process
information
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tools
approach
study

T
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Figure 3. The 20 most common unigrams.

Source: self-authored.

machine learning
artificial intelligence
learning ml

deep learning
learning models
intelligence ai
domain experts
neural networks
paper present
paper presents
learning algorithms
recent years

big analytics
neural network
paper propose
decision making
case study

open source

use cases

natural language

T T
0 100 200 300 400 500 600 700
occurrence count

Figure 4. The 20 most common bigrams.

Note: Some bigrams include acronyms such as “AI” or “ML,” which may not appear
naturally in the text but are instead artefacts of automatic preprocessing.

Source: self-authored.
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machine learning ml
artificial intelligence ai
machine learning models
machine learning algorithms
natural language processing
automated machine learning
machine learning techniques
machine learning model
machine learning automl
electronic health records
machine learning methods
deep neural networks
learning deep learning
convolutional neural networks
convolutional neural network
machine learning deep

deep learning models

deep learning dl

supervised machine learning
use machine learning

o] 20 40 60 80 100 120 140
occurrence count

Figure 5. The 20 most common trigrams.
Note: Some trigrams include acronyms such as “AI” or “ML,” which may not appear
naturally in the text but are instead artefacts of automatic preprocessing.

Source: self-authored.

To make LDA work effectively, careful token filtering is necessary. We decided
that a token should appear at least 5 times in the corpus to be worth considering.
Also, for a token to be relevant, it has to appear in at least 3 documents, has to be
longer than 3 characters or be part of the list of specific, meaningful short expres-
sions, such as “ml” (machine learning), “ai” (artificial intelligence) or “nlp” (natural
language processing). This approach aimed to filter out unnecessary acronyms
while keeping the meaningful ones.

Following token filtering, we proceeded to perform Latent Dirichlet Allocation
topic clustering. LDA is a generative probabilistic model that defines a topic as
a distribution of words. Within this framework, each document in the corpus is
a mixture of topics, and each topic is a mixture of words from the entire corpus
vocabulary. More precisely, for each topic, a non-negative probability is assigned
to each word from the vocabulary, and each document is a convex combination
of topics (Blei et al., 2003).

The number of topics (clusters) is chosen arbitrarily. When selecting the opti-
mal number of clusters or (topics) researchers have a range of quantitative and
qualitative methods at their disposal, depending on the character of the problem.
David Blei, author of the LDA original paper, states in another article, “The stand-
ard for selecting a solution is not so much accuracy as a utility: Does the model
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simplify the data in a way that is interpretable, passes tests of internal and external
validity, and is useful for further analysis?” (Blei & Lafferty, 2009). This highlights
that practical interpretability and usefulness should often take precedence over
rigid accuracy metrics. Therefore, determining the optimal number of clusters
for this type of study relies on the researcher’s qualitative assessment rather than
a prescribed heuristic (Wiedemann, 2016). However, interpretations must be ap-
proached cautiously, relying on subject-area specialists on the team (DiMaggio et
al., 2013). Because we are a multidisciplinary team comprising three individuals
with diverse backgrounds, including two researchers with experience in human
and social sciences and a machine learning student with professional data science
expertise, we adopted a process of collaborative, iterative experimentation to
determine the number of clusters. Through this process, we arrived at a selection
of 20 clusters, a decision that emerged as the most harmonious fit with the dataset’s
content, demonstrating a coherent and meaningful structure. This choice reflects
both qualitative and data-driven considerations, ensuring a robust and insightful
interpretation of the data.
The coverage C(2) of a topic ¢ is defined as follows:

o ZAD Pl D)
%, XAd) p(t'] d)

where |d|is a document length (in tokens) and p(t|d) is a measure of assignment
of a document 4 to a topic . This measures how large a portion of documents
in a corpus is captured by the topic. The LDA model allows for the adjustment
of the term’s relevance, which can help synthesise the idea behind a topic. Siever
& Shirley (2014) defined the relevance as follows:

Let ¢y, denote the probability of term w € {1, ..., V} for topic k € {1, ..., K}, where
V denotes the number of terms in the vocabulary, and let p, denote the marginal
probability of term w in the corpus. The relevance of term w to topic k given a weight
parameter A(where 0 < \ < 1) is defined as:

r(w, k, L) = Alog (4,,) + (1-M)log (f;k”)
where \ determines the weight given to the probability of term w under topic k rela-
tive to its lift, which is the ratio of a term’s probability within a topic to its marginal
probability across the corpus. Setting A = 1 results in ranking terms in decreasing
order of their topic-specific probability, and setting A = 0 ranks terms by their lift
(Siever & Shirley, 2014).

We decided to include results for A = 1 and A = 0.5. The value of represents
a balance between words with a high probability of occurrence in the topic (which
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may also appear frequently in other topics) and words that are more distinctive to
the chosen topic. This approach can be particularly advantageous when the words
with the highest probability are overly general, making it challenging to uncover
the underlying theme of a topic.

As a result of our experimentation with a number of clusters, we uncovered 20
clusters (topics), which we labelled and assigned to 5 different categories. Some
topics fit more than one category. One topic (Graphical Data and Security) was
excluded from the analysis because of non-coherent words and weak coverage
(2.4%). Results of LDA topics modelling on 20 clusters and words A =1 and A =0.5
are presented in Table 3.

Table 3. LDA topics, relevant words and coverage in the corpus.

topic . .
sumfnary words with A = 1 words with A =0.5 coverage
Big D:[ta f\lfllalytics big, research, clinical clinical, big, health,
in Healthcare ’ ’ ’ ;
. . studies, research,
health, analytics, analysis, Ivtics. health
This topic is focused methods, tools, ai, a}r:auytlcs, €a td'cz'lre,
. . challenges, medicine,
on big data research challenges, studies, use, socialgmedia care 11.6%
in healthcare, the information, knowledge, includi ’ h ’ o
application of AI models healthcare, researchers, ll?fe;;zsg’ ::\fieei:rc riesls,
for knowledge discovery including study, business, ) T 6 Y
in medical contexts and social t‘{o Sj sc’lentl‘ ¢ al,
its challenges. artificial intelligence
query, queries, graph,
systems, query, system, s .
Systems, Data}l?ases anZl s ?oces);iny larce distributed, processing,
and Scalability y S p 8 : 2¢e, database, python,
analytics, users, queries, execution, systems, large
This topic is focused time, graph, distributed, ol e ) Arge, 11.1%
on large-scale systems, database, different, spars, angua;g €5, USELS, o
system, exploration,
databases, and addresses performance, python, yscalable parallel
issues related to algorithms, applications, ) & P I N
scalability. user, big interactive, analytics,
apache
models, machine models, feature,
. : ; . ’ rediction, accuracy,
ML: Clasmfice'itlon learning, model, feature, ilassiﬁers machiney
and Prediction prediction, algorithms, 7
. - results, features, accurac learning, features,
This topic is focused on da’taset lea;nin ¥ predictive, model, dataset, 7 .9%
machine learning models, methods. s ,stem r%cess selection, algorithms, 27
feature selection and differe,nty reciigtive ’ feature engineering,
engineering, prediction datasets ml’ P erformar’lce classification, classifier,
and classification. Cl’assi,ﬁzation ’ regression’ results’
learning, random, schema
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topic . .
sumfnary words with A = 1 words with X =0.5 coverage
R . ml, automl, machine
) ml, machine learning, . L.
ML: Automation automl, model, system learning, pipelines,
and Pipelines pipelines, process pipeline, documentation,
A ’ automation, automated
This topic is focused pipeline, time, models, machine, hyperparameter,
on machine learning code, aplpr oach, ml r;lo dels. sales ’ 6.1%
i iseli tems, learning ’ ’
automation, pipeline Sys ’ ’ automated, model
development, and automated, performance, code tuning: drillin,g
' documentation, solutions, Y .2
documentation. tools. supbort metalearning, cleaning,
» SUpP system, automate
. . privacy, social, network,
Privacy Preserving esearch, privacy, social, bi
. o . ig, research, storage,
big, analysis, information, ietworks tensorg
The topic is focused paper, work, network, inf i ’d'ff ,t’ 1
on privacy concerns, management, based, fiorimation, dierential, 5.7%
data analysis, and the applications, storage, privacy preserving, P
application of technology networks, access, J ournallsts,lsensmve,
.\ i aper, work, secure,
to manage sensitive technologies, methods, Enzl sis. qualitative
. . . ’ ve,
information. use, datasets, questions VSIS, q .
management, topological
. deeplearning, model, deep learning, images,
Deep Learn}ng ) machine learning, neural network,
and Image Classification analysis, images, image, convolutional,
The topic is focused on classification, datasets, classification, neural
deep learning, including models, performance, networks, segmentation, 5.6%
image classification accuracy, neural network, | deep, datasets, accuracy,
(convolutional) techniques, methods, trained, speech, imaging,
neural networks, and based, image, paper, encodm.g, model}, bias,
performance evaluation. approaches, tasks, dataset, machine learning,
neural networks performance, chat gpt
i . ) matrix, matrices,
Al'go'rlthms algorithm, model, learning, .
and Statistical Methods machine learning algorithm, markov,
’ reduction, experiments,
The topic is focused on results, paper, based, stochastic, kernel, breast
algorithms, mathematical matrix, fmalysis, work, linear, ,probab;lity, ’ 5.1%
et ataset, different, process, T .
tools and probabilistic dataset dlflf é p projection, india, scenario
o . tudy, time ’ ’ ’
analysis, including approach, stucy, ’ educational, estimation,
machine learning experiments, techniques, learning s’ummaries ’
methods, method T 7
methods. transition, dimension
. . covid, pandemic, detection,
COVID Pandemic covid, pandemic, health, pa .
detection. different professions, coronavirus,
The topic is focused on study, people, mining, Screentig, he':althy, health,
the COVID-19 pandemic, | use, model, ai, work, | Pre8rery Ste Pe"dple’ 4.8%
. . . ’ ’ vaccine, said, spread,
including health analysis analysis, public, approach, minine infec g ous
and disease detection based, results, important, o ulga,tion ches t,
in the context of AL information, process __Poptration, cles,
interventions, covidnet
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topic . .
sumfnary words withA =1 words with A =0.5 coverage
students, education,
: : students, research, T ’
Education and Skill education, skills, learning, | €2 university, student,
Development unive,rsity p;aper & skills, courses, curriculum,
P 7 . research, graduate,
The topic is focused course, project, training, search, gracu 4.8%
on education, skill information, programs, universities, project, -8%
. rograms, programme,
development, research help, statistics, student, P hg P ’p 8 I
projects, and programs to model, provide, need, tegc lflgj 'alrnelss, C(? ege,
enhance learning. article, fairness 1nst1tut10r}s,. carning,
statistics
Professi b ai, job, engineers,
rolession, Jo ai, job, engineers, software, companies,
Requirements and Roles software, systems, technologies, artificial
The topic is focused design, technologies, intelligence, roles, design,
on job requirements development, companies, designers, software 4.5%
technology utilisation artificial intelligence, use, engineering, fair, jobs, 270
and the roles of engineers analysis, work, technology, requirements, trust,
in creating technological need, requirements, big, systems, transport,
solutions in companies. research, roles, process technology, development,
company
notebooks. methods notebooks, notebook,
’ ’ explainability, jupyter,
Notebooks and research, notebook, pprogram}rlnji nI; Y
Programming Methods programming, explanations '
different, model, toolkit tho;1
The topic is focused python, explainability, 1 » python, a5%
on code notebooks, computational, jupyter, iervler ess,l serving, 0%
. K ook, explanation,
programming tools, software, design, models, com utatiogal adaptive
and explainability framework, development, P d ’ h dp ’
in computational analysis. code, explanations, readers, methods,
svstems. tools coding, metrics, software,
¥ ’ pruning
Quality Assessment,
i . . uality, chapter, trading,
Effectiveness quality, different, systems, ! tra ﬁzllc trarr)ls Arenc &
and Transparency models, machine learning, > Lransparency,
. book, volatility, periodic,
The topic is focused use, algorithms, methods, feminism, taxonomy;
. model, challenges, ’ 7
on quality assessment & army, production, 4.4%

in various applications,
using algorithms and
statistical methods in the
context of challenges and

transparency.

approach, chapter, paper,
time, statistical, real,

transparency, solutions,

problems, management

forecasts, concerns,
real, discussed, road,
regularisation, coherent,
reader
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su:ﬁfri;:ry words with A =1 words with A =0.5 coverage
Tools for Business tools, business, big, blockchain, I?us%ness,
Analytics analytics, different, tools, orgams.atlons,
. collaboration,
The topic is focused on process, paper, analysis, unstructured, big,
tools and technologies’ res?ar(?h, need, content, analytics, o
applications in business. It organisations, w9rl<, theories, organisational, 4.4%
covers big data analytics, | challe‘nges, learnmgt competencies, centre,
business needs, and 1nf0rmz‘1t10n, co}laboratlon, big analytics, shared,
collaboration within article, social, use, alternatives, face, article,
organisations. knowledge spreadsheets, behaviour
Healthcare Informatics healthcare, clinical, healthcare, informatics,
and Patient Care research, health, medical, clinical, medical, care,
care, informatics, patients, | patients, health, insurance,
The topic is focused systems, information, medicine, vehicle, group, o
on healthcare informatics, system, big, patient, national, radiation, patient, 3:7%
patient care, medical data, | medicine, knowledge, research, biomedical,
and digital solutions development, computer, nursing, translational,
in the field. digital, group, team nurses, collaborations
health, information, centres, phishing,
Health Information results, management, privacy, residents,
Management and Privacy privacy, development, firm, health, digital,
The topic is focused model, framework, composition, patient,
on health information skills, research, digital, plant, management, 3.7%
management, privacy use, analysis, Al design, | skills, ehealth, radiology,
concerns in healthcare patient, training, aiml, physicians, twin,
systems. performance, platform, personalised, leadership,
study safety
model, training,
Stock Prices Forecasting | 1, dels, based, business, model, training, stock,
The topic is focused machinelearning, paper, prices, bidaml, Istm, oil,
on business analytics, framework, digital, tweets, models, arima,
forecasting stock prices, visualisation, process, forecasting, rmse, auto, 2.9%
data visualisation, stock, analytics, problems, firms, business, sports,
including predictive approach, big, research, | geosparkviz, cnns, digital,
modelling. solutions, platforms, timeseries
prediction
Biomedicine:
Cancer and Molecular code, framework, package,
Data Analysis

The topic is focused on
computational analysis
of cancer, genes and
other molecular data

using computational

available, features, https,
analysis, cancer, pipeline,
cell, best, opensource,
time, dataset, complex,
networks, computational,
graph, results, brain

frameworks.

package, cell, code,
https, embeddings,
cancer, molecular, brain,
tpot, expression, cells,
antipatterns, variants,
genes, gene, framework,
intensity, pvldb, pipeline,
embedding

2.9%
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topic . .
P words withA =1 words with A =0.5 coverage
summary
model, users, analysis,
¢ ity ggplot, packages,
i system, securi . .
Graphical Data 'nfoZmat'(;n acka, os graphical, security,
i i i .
and Security (Excluded) ; » P ges, plotting, table, cyber,
function, common, object, columns, iris 2.4%
. . u 4%
This topic was excluded paper, values, results, funct;on ,scri ts ;a h’ics
from the analysis because |  table, object, functions, ot tex,tual IZra, g 11:1 o )
of non-coherent words. user, ggplot, approach, | 7 » Ccray, plugin,
. flood, values, plots
graphical, code
. ethics, ethical, climate, ethics, climate, ethical,
Ethics field, statistics, impact, biodiversity, reporting,
The topic is focused on issues, society, different, official, society, athletes,
. . g . .. o
ethics, environmental repo.rtlng, big, Work, bl(?dl carbon, ePlst.emlc, 1@pacts, 2.2%
impact, reporting, and the versity, co'mp.utmg,.so.cm.l, .a.c.credlt.atlon, sesswr.l,
societal role of technology,| community, interdiscipli- c1v1hs§r, htettacy, exercise,
nary, need, develop, cloud | whatif, mlai, heat, arise
. IoT, malware, program- malware, iot, scheme,
IoT, Devices . ming, etal, based, use, labelling, etal, compliance,
and Malware Analysis | yicya] devices, statistical, | array, chart, visual, devices,
The topic is focused on IoT, interactive, metadata, recovery, prototype, spam, 2.2%
benchmark devices and | USers, time, scheme, need, | plotly, expressions, pro-
malware analysis. provide, approach, dataset, ngam‘mmg, })enchmarks,
user, prototype citation, skill, metadata
Source: self-authored.
Big Data Analytics in Healthcare - ]
Systems, Queries and Scalability 4 |
ML: Classification and Prediction ]
ML: Automation and Pipelines - |
Privacy Preserving ]
Deep Learning and Image Classification |
Algorithms and Statistical Methods - |
Education and Skill Development
COVID Pandemic
Profession, Job Requirements and Roles -
Notebooks and Programming Methods
Tools for Business Analytics
Quality Assessment, Effectiveness and Transparency -
Healthcare Informatics and Patient Care
Health Information Management and Privacy -
Biomedicine: Cancer and Molecular Data Analysis
Stock Prices Forecasting{_________|
Non-specific: Graphical Data and Security
Ethics
10T, Devices and Malware Analysis
0% 2% 4% 6% 8% 10% 12%
topic coverage

Figure 6. The coverage of topics.

Source: self-authored.
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Technology

45.2%

4.4% .
Ethics and Challenges
4.5%
27.4%

8.0% Non-specific

Medicine and Healthcare 10.5%

Data Scientist: Skills, Career and Education

Business

Figure 7. The coverage of topics grouped into categories.

Source: self-authored.

The topic categories are as follows:
(1) Information Technology (8/20 topics):

The Information Technology category covers 8 of the 20 topics and delves into
various crucial technological aspects shaping data science. Systems, Databases,
and Scalability relate to architecture issues essential to the work of data scientists.
Topics such as Machine Learning: Classification and Prediction and Machine
Learning: Automation and Pipelines highlight issues related to artificial intelligence.
Topics like Deep Learning, Image Classification and Algorithms, and Statistical
Methods explore the advanced techniques used in data analysis. Notebooks and
Programming Methods emphasise the role of programming tools, while Quality
Assessment, Effectiveness, and Transparency touch on issues related to data analysis
and algorithms challenges. Lastly, IoT, Devices, and Malware Analysis showcases
how data science extends into emerging fields, revealing its versatile applications.

Systems, Databases and Scalability,

Machine Learning: Classification and Prediction,
Machine Learning: Automation and Pipelines,

Deep Learning and Image Classification,

Algorithms and Statistical Methods,

Notebooks and Programming Methods,

Quality Assessment, Effectiveness and Transparency,
10T, Devices and Malware Analysis.

(2) Medicine and Healthcare (Topics 5/20):

Big Data Analytics in Healthcare,
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COVID Pandemic,
Healthcare Informatics and Patient Care,
Health Information Management and Privacy;,
— Biomedicine: Cancer and Molecular Data Analysis.

The Medicine and Healthcare category, covering 5 out of the 20 topics, delves
into critical aspects at the intersection of data science and healthcare. Big Data
Analytics in Healthcare and Healthcare Informatics and Patient Care underscore
how data-driven insights enhance healthcare delivery. Health Information Man-
agement and Privacy refer to the sensitive realm of protecting patients’ data. The
analysis uncovered that data scientists had an impact on the COVID-19 pandemic
and vaccine development. The category also includes Biomedicine: Cancer and
Molecular Data Analysis, spotlighting data scientists’ contribution to under-
standing complex diseases and their diagnostics. This category showcases the
profound influence data scientists have on improving healthcare outcomes. It also
emphasises that data scientists make significant contributions to medicine-relat-
ed research. The pivotal role of data science in biomedical research, facilitated
by artificial intelligence tools, significantly enhances knowledge production and
scientific advancement in this field (Lai et al., 2021). Nonetheless, this progress is
accompanied by many ethical concerns and challenges, particularly privacy and
security (Krumholz, 2014).

(3) Ethics and Challenges (Topics 4/20):

— Ethics,

— Privacy Preserving,

— Health Information Management and Privacy,

— Quality Assessment, Effectiveness and Transparency.

The Ethics and Challenges category, comprising 4 of the 20 topics, delves into
essential dimensions of ethical considerations within data science. Topics like
Ethics relate to ethical dilemmas that arise when handling data. Privacy Preserving
underscores the importance of safeguarding individual privacy while extracting
insights from data. Quality Assessment, Effectiveness, and Transparency also
highlight the ongoing pursuit of maintaining data science practices’ quality, ef-
fectiveness, and transparency. This category highlights data science practitioners’
ethical and practical challenges in pursuing responsible and impactful data-driven
decision-making supported by interpretable algorithms. This is coherent with
numerous ethical issues addressed toward big data in various contexts, such as
data management (Nair, 2020), health research (Rothstein, 2015) and privacy and
security preservation (Joshi, 2020).

(4) Business (Topics 3/20):

— Tools for Business Analytics,
— Stock Prices Forecasting,
— DProfession, Job Requirements and Roles.
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The Business category, encompassing 3 out of the 20 topics, delves into key as-
pects of data science within a business context. Topics such as Tools for Business
Analytics stress the significance of data-driven tools in shaping business decisions.
Stock Prices Forecasting explores the application of data science in predicting fi-
nancial market trends. Additionally, Profession, Job Requirements, and Roles shed
light on the evolving landscape of data science roles within the business sphere and
their role in teams and collaboration with domain experts. This category showcases
how data science is leveraged to inform business strategies, which aligns well with
studies assessing the profound impact of data science on business (Mishra, 2021).

(5) Data Scientist: Skills, Career and Education (Topics 2/20):
— Education and Skill Development,
— DProfession, Job Requirements and Roles.

Technology
1800 Medicine and Healthcare
Data Scientist: Skills, Career and Education
1400 4 Ethics and Challenges
Business
Non-specific
1200 1
1000 1
800 -
600 -
400
200 A
0 T T T T T T T T T T T T T T T T T
w W W w o > 0 = = W W = = W + w =
g £ £ g £ B § 8 3 g £ £ §F £ =< g2 §
o = = o @ = £ B 5 X > ® o g o @
2 3 § ¢ 5 2 & £ & & g § ¢ 5 =
P = = =) bt o S = 2 g )
g g8 Z & g 8 & =
= £ S & =
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£ g £
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Figure 8: Topic categories in different fields of studies. Since each topic
is a mixture of topics, the y-axis represents a weighted combination
of the number of occurrences and topic shares.

Source: self-authored.
The Data Scientist: Skills, Career, and Education category encompasses 2 of 20

topics. Topics such as Education and Skill Development put on the spot the path-
ways and skills required for a data science career. Profession, Job Requirements,
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and Roles delve into the dynamic roles and evolving requirements within the data
science profession. As was said before, professionals in this field significantly im-
pact business, and employment in this field is rising (Mishra, 2021). This category
offers insights directly into the social world of data scientists, regarding them as
distinct subjects of study.

After grouping topics into categories, we investigated their overlap with the
documents’ fields of study as a form of external validation for the number of clus-
ters. The results were satisfactory, as the distribution of topics reasonably matched
the assigned fields of study. Topics related to Technology covered over half of the
publications categorised under Computer Science, indicating strong alignment.
Similarly, publications within the field of Medicine predominantly covered topics
related to Health and Medicine. Furthermore, Technology-related topics showed
substantial relative coverage in the field of Mathematics, whereas Engineering
appeared to be more heavily influenced by topics related to Medicine and Health.

4. Study limitations

While extensive and comprehensive, using a corpus built from the Semantic Scholar
database presents several limitations that must be considered when interpreting
results. While Semantic Scholar extensively covers many disciplines, some fields
or subfields may be less thoroughly represented. Moreover, recommendations and
suggestions offered by Semantic Scholar based on artificial intelligence may reflect
algorithmic biases, potentially favouring certain types of content.

One key limitation in constructing our database is keyword dependence, as the
corpus relies on the search term “data scientist”. This approach may inadvertently
exclude relevant studies that use synonymous or related terms, thus introducing
bias. This leads to challenges with generalizability, as findings may not extend well
to broader or related areas of data science, particularly those using different ter-
minology or less common phrases. Finally, evolving terminology poses a challenge,
as the meaning and context of terms like “data scientist” have likely changed from
2005 to 2023, potentially affecting the interpretation of trends and roles captured
in the corpus. These limitations underscore the need for caution and contextual
awareness when analysing such data.

The method used for analysis also comes with limitations. The “bag of words”
approach used in Latent Dirichlet Allocation has limitations due to its simplification
of text data. This approach does not consider the order or arrangement of words
in a document, which can impact the interpretation of topics and overlook nu-
ances in meaning as it treats each word as independent of its neighbouring words,
disregarding the inherent sequential or contextual information present in natural
language. This can lead to a loss of meaning, as words’ meanings often depend on
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their surrounding context. In this approach, each document is represented solely
by the frequency of words, ignoring other valuable features like sentence structure,
document length, or other text features.

There are several problems with analysing abstracts with LDA. Abstracts typically
have limited text length, often consisting of only a few sentences or paragraphs. Due
to this brevity, statistical methods like LDA can be susceptible to noise, resulting
in accidental words or proper names being incorrectly attributed as highly rele-
vant to a topic by the model. These terms may be coincidental or have low overall
significance for the meaning of the entire document. Another consideration is that
in cases where the corpus of abstracts is limited, rare or emerging topics might not
have enough occurrences to generate coherent topics in LDA, resulting in their un-
derrepresentation. Also, abstracts tend to follow specific language patterns, making
them relatively homogeneous. This homogeneity can lead to LDA identifying topics
aligned with generic scientific discourse rather than capturing more specific content.

To enhance the quality and relevance of the results, conducting a coverage com-
parison with alternative databases would be beneficial.

5. Summary

The analysis has shown a consistent upward trajectory in the number of publica-
tions centred on data scientists since 2008. The peak was observed in 2020, with
the total number of publications being # = 356. With a minor regression observed
in 2022 (n = 255), data scientists are still an area of interest in scientific literature,
reaching 237 publications in August 2023.

A plethora of publications regarding data scientists reside within the domain
of Computer Science (n = 1654). The second field is Medicine (339). A substan-
tial portion of the corpus entries (299) lacks ascribed fields of study, constituting
the third most prevalent category in the subject. Mathematics, Engineering, and
other fields show a modest presence, while other disciplines exhibit minimal
representation.

The study unveils an extensive landscape of literature that delves into the Infor-
mation Technology category. Also, a distinct link between data scientists’ works
and the realm of biomedical research was found. This connection can be observed
through various subfields, such as cancer genomics, patient data management,
and the data-driven response to the COVID-19 pandemic. Moreover, a robust
connection between data scientists and the business sector is evident. The doc-
uments within the corpus address an array of themes, ranging from data science
applications in business intelligence to the roles of data scientists in teams in work
environments. Ethical dilemmas and challenges arising from the proliferation of big
data are prominently featured within the literature concerning data scientists. These
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discussions encompass concerns regarding data privacy preservation, spanning
diverse contexts, including medical domains. Furthermore, code quality and al-
gorithm transparency deliberations contribute to this ethical discourse. However,
only two thematic categories make data scientists a central subject of study. They
revolve around their professional roles and job requirements. There is also a thread
regarding the courses and training for data scientists.

Generally, little literature discusses data scientists in a sociocultural context,
with only a small number of publications within the field of Sociology (n = 47)
and a lack of distinct topics on the subject. We consider this a striking gap in the
literature because we believe it is important to study data scientists as social ac-
tors, given how much they shape knowledge and decision-making in various areas,
such as medicine and business, as seen in this study. Another issue making data
scientists an interesting subject in social sciences is the ethical implications of data
collection, analysis, and use, which are critical in today’s digital age. Sociology can
explore how data scientists navigate ethical dilemmas related to privacy, consent,
and bias, contributing to discussions on responsible data practices and regulations.
Understanding their role can provide insights into how data-driven decisions shape
societal dynamics and structures. They also create models that predict and explain
human behaviour based on data patterns. Studying their methodologies can shed
light on the underlying assumptions and biases that influence these models, thereby
enhancing our understanding of how human behaviour is quantified and analysed.
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Data scientists w literaturze naukowej: modelowanie
tematyczne LDA w bazie danych Semantic Scholar

Abstrakt

Cel/Teza: Niniejszy artykul analizuje reprezentacje data scientists (specjalistéw ds. ana-
lizy danych) w literaturze naukowej. Celem jest odpowiedz na nastepujace pytania: Jak
zmieniala sie liczba publikacji na temat data scientists na przestrzeni lat? Jak publikacje
dotyczace data scientists sa rozproszone w réznych dziedzinach nauki? W jakim kontekscie
data scientists sa przedstawiani w literaturze naukowej?

Koncepcja/Metody badan: Zastosowano modelowanie tematéw metoda utajonej alokacji
Dirichleta (LDA) do zasobéw dostepnych w ramach API Semantic Scholar.

Wyniki i wnioski: Od 2008 roku obserwuje sie wzrost liczby publikacji na temat data
scientists. Odkryto silny zwiazek pomiedzy data scientists a technologia informacyjna oraz
badaniami biomedycznymi. Niewiele publikacji porusza temat data scientists w kontekscie
spoleczno-kulturowym.

Oryginalno$¢/Warto$¢ poznawcza: Zgodnie z nasza wiedzg, dotychczas nie prowadzono
badan po$wieconych reprezentacji data scientists w literaturze naukowej. Przeprowadzone
badanie moze przyczynic sie do konceptualizacji tego pojecia.
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