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1 INTRODUCTION
In the last decade, the topic of people analytics has gained

a lot of traction. Due to the increasing amount of attention, a lot of
debates regarding conceptual definitions and practices have
sprouted among experts[78]. The market is flooded with software
meant to aid human resource managers, businesses, employees and
other stakeholders in their quest for data-driven decision-making. In
the last two decades, legal entities in the field have released more
than 40 people analytics tools with usage ranging from human
resources analytics and social network analytics to technical
monitoring and employee surveillance[32]. To summarise their utility,
these instruments serve as means of algorithmic decision-making in
people-related organisational practices and challenges such as
attrition, collaboration, hiring, retention, internal mobility, talent
management, staffing, and others[80]. Sensibly, people analytics has
become a topic that sparks significant interest in practice and
academia. Apart from the increased development of HR analytics
tools in the last decade, the amount of scientific publications has
experienced a steep increase (Figure 1), with accentuated growth
between 2016 and 2017, as well as 2018 and 2019[9]. To showcase
the rising levels of attention the field receives, just a year later, in
2018, 84% of the Global Human Capital Trends survey participants
claim that people analytics has provided invaluable insights and
plays a pivotal role in workforce operations. Due to the
overwhelmingly positive feedback, people analytics takes second in
the 2018th HR trend ranking[16]. Despite the excitement among
professionals, the existing literature is still in its early phases of
development, and academics are still determining if the promises of
evidence-based decision-making will be realised[50]. A lot of the
publications in existence express scepticism and uncertainty towards
PA, predominantly due to a lack of empirical data to back up the
pompous aspirations of the field, unethical surveillance, and
employee well-being[24][27][28][67]. Moreover, state-of-the-art
practices involve a lot of ethically questionable practices such as
unnecessary data storage, pending legal compliance, privacy and
protection issues, overlooking employees’ right to informed consent,
and intrusive monitoring. Logically, such behaviour introduces risks to
both the organisation and employees and leaves room for
discrimination and profiling[75]. To further support the existence of
these vulnerabilities, a survey conducted by Insight222 involving 57
companies unveils that 81% of participants stated that their projects
in workforce analytics were occasionally or frequently jeopardised
due to concerns about data ethics and privacy[58]. The literature
reviewed suggests that the academic world requires further
regulations and more empirical data to recognise the subfield of
people analytics as a safe practice to utilise.

Evidently, there is a mismatch between practitioners’ and
academics’ understanding of the people analytics concept; such
discrepancies cause much debate on regulating and applying PA

appropriately. Therefore, this paper provides tangible differences in
concepts between practice and academia in the domain of people
analytics. The importance of this thesis emerges from establishing
the underlying dissimilarities between the two viewpoints, a valuable
step forward to making space for further research on bringing
academia and practice together. Consequently, this work strives to
answer the question, “How do experts understand and utilise people
analytics, and what are the key conceptual differences between
academia and practice?”. The question is addressed by reviewing
relevant practitioners' publications, constructing a scheme that
represents the gathered data, and comparing it with up-to-date
academic work. Then, the derived results will be analysed, and
critical concepts that differ amongst our target groups will be
structured. By carrying out this investigation, the research aims to
bridge the notable gap between theoretical insights and practical
applications. Understanding these conceptual discrepancies will not
only benefit scholarly research but also provide tips for organisations
that wish to harness the full potential of people analytics in the form
of state-of-the-art practices.

2 BACKGROUND
Unfortunately, providing a unanimous definition proves to

be quite challenging due to the conflicting and ambiguous
terminology among both scholars and experts. According to [81],
people analytics is “A novel, quantitative, evidence-based, and
data-driven approach to manage the workforce “. Others believe that
“The continuous process of transforming and translating workforce
data into organisational insights at varying levels of sophistication
enables managers to make data-driven workforce decisions”[50] is a
more suitable explanation of the term, while [79], for instance, states
it is merely “a tool”. For the rest of this paper, we will use [32]
interpretation, which complies with most of the up-to-standard
definitions provided by academic literature. They state that people
analytics are “socio-technical systems and associated processes that
enable data-driven (or algorithmic) decision-making to improve
people-related organisational outcomes”. Moreover, depending on
the author and field, the terms: “people”, “workforce”, “workplace”,
“social”, “HR”, “Human Capital”, “Employee”, and “Talent” could be
used interchangeably when accompanied with “analytics”. As for the
aspirations of PA, the branch promises to address challenges in the
field of human resources management by utilising quantitative and
qualitative methods, including regression, clustering, significance
testing, interview and survey engineering.
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Figure 1: Annual Scientific Production [9]

To justify the significance of the research and the existence
of conceptual differences, this paper offers more insights into the
ongoing debate between academia and practice. An aspect of
people analytics that has captured the attention of critics is the
legitimate, ethical concern followed by employee surveillance and
how inspection might influence the working class. Employee tracking
has raised so many concerns in the academic world that scholars
have rebuked it as evocative of Taylorism[32]. If such moral issues
are not appropriately apprehended, it would not be a stretch to
connect managers and George Orwell’s dystopian character, “Big
Brother” in the future. As an illustration,[82] claims that ”The
boundaries of employee monitoring and related analytics are being
extended from employees' work lives to well into their social and
even physiological spaces” (p. 63).To further impugn people
analytics, scientists are uncertain whether underlying algorithms are
not built on prejudice and biases[83], which, combined with
excessive surveillance, leads to the elevated probability of drastically
increased stress levels in employees. In 2015, for instance, Amazon
came to the realisation that the recruitment engine they were using
was systematically discriminating against female employees. The
software was trained on resumes and other internally available
materials on predominantly male employees. As a result, the ML
(machine learning) algorithm displayed clear preferences towards
men[15][75]. Last but not least, it has become apparent that very few
organisations speak of tangible value and benefits upon the
introduction of people analytics practices and tools[51][35][52][66].
For instance,[35]states, “Despite the recent popularity of workforce
analytics, there is much that we do not yet know about the processes
through which analytics affects the strategy execution process in
organisations and, ultimately, firm success” (p. 680).

PA enthusiasts, however, claim that the main focus of the
field is not on surveillance but, instead, it is about the approach of
hypothetico-deductive reasoning[34]. Furthermore, despite the
above-mentioned concerns, almost 70% of sizable businesses state
they have a people analytics team and rank PA as a top priority [32].
For instance, Google's people analytics team has created an
analytical approach to hiring using predictive analytics to determine a
candidate's chances of success stemming from information relevant
to each employee.[31]

Based on the still-increasing use of PA, the industry stands
to gain a lot from the mutually beneficial relationship between
academia and practice, which facilitates knowledge sharing and
drives innovation.

3 METHODS
A crucial detail of this paper's methods and coverage is that it aims to
stand on the shoulders of previous researchers and update the
academic world with a general overview of the ongoing dispute
between academia and practice regarding people analytics. As a
courtesy of Dr Hüllmann, I have been given access to previous
literature reviews in which work dates back to 2021 in the field of
experts’ publications and to February 2024 for scholarly materials.
The search scope of this thesis will be limited to missing intel in the
above-mentioned time frames. Having said that, an appropriate
approach to analysing and finding the distinctions between practice
and academia would be to perform an exhaustive literature review of
the latest work on the topic and compare the motives occurring in
both perspectives. This comparison will become apparent with the
use of a well-defined coding approach, and finally, the implications
will be discussed systematically.

3.1 Literature Search Strategy and Search Scope
This paper will perform a systematic literature review on recent
publications in the domain of PA, which [40][41] defines as “ a
structured approach to identifying, evaluating, and synthesising
research.” The structured approach I have chosen was initially
developed by [77] and covers four essential pillars defining the
literature review's search scope. The taxonomy covers processes,
sources, coverage, and techniques; each will be independently
justified below. A clear depiction of the general approach is provided
in Table 1.

1. Process Sequential
2. Sources Bibliographic databases; Publications
3. Coverage Representative
4. Techniques Keyword Search; Forward Search

Table 1: Definition of the Search Scope[77]

1. Process: Using a sequential approach would be the
more appropriate of the two known approaches, sequential and
iterative, due to the explicit sequence of steps the study undertakes.
The phases build upon previous ones, consequently introducing new
research once the analysis has commenced, which could introduce
bias and errors. Therefore, a clear and once-occurring time frame
has been set for the literature review, which aims to cover all relevant
and up-to-date materials on the topic.

2. S ources: Due to already existing literature
reviews, this study concerns itself only with practitioner work
retrieved from nine leading consultancies: Deloitte, Capgemini,
Accenture, McKinsey, KPMG, PwC, EY, BCG, and IBM. These firms
offer a diverse set of publications that will aid the reader in grasping
the expert’s vision on the topic. They are also recognized authorities
in their respective fields, providing relevant insights that are often
cited and considered trustworthy by industry professionals and
academics (Appendix A).

3. Coverage: A comprehensive approach would require a
significant amount of time and resources, which are not feasible
within the scope of this thesis. Furthermore, by choosing a
representative coverage approach, the study will select a diverse
range of samples that will capture essential variations and
characteristics of the publications on the wide web. This will abide by
the time constraints while allowing us to gain significant insight.

4. Techniques: This paper mainly relies on the general
keyword search technique. Figure 2 clearly depicts the extensive
keywords that serve as input to various search engines, where
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precise checks in the paper's title, abstract, and body will be
conducted, what consultancies will be studied and how the study
process will be carried out. Due to the nature of the study, a forward
search will also be implemented to ensure the review’s rigorous
claims. Forward search denotes the collection of appropriate and
recent publications that have cited the work under review, otherwise
known as “going forward in time” [84][85].

Figure 2: Search Process for Practiitioner’s Literature

The search will be executed following and in accordance
with the above-defined keywords and criteria. Initial results will be
screened by title and abstract. Last, but not least, all PA results will
be stored in a single file, where the entire body of the publications will
be examined and filtered by relevance later. The practitioner’s work
will be considered relevant if it addresses algorithmic
decision-making in the field of people processes. Source count will
be performed before and after filtering and displayed in a table
clearly stating the number of papers retrieved from each database or
consultancy.

Following the above-mentioned strategy will provide this
paper with a verified structure that scientifically finds discrepancies
between scholars’ and experts’ conceptual definitions. Revising
outdated analyses on differences between the two perspectives and
passively presenting how the industry and related underlying
concepts have changed over the last few years will contribute to the
ongoing debate. Hopefully, this study will inspire further in-depth
research to facilitate collaboration between the two parties and
maximise benefits from this controversial topic.

3.2 Thematic Analysis
Once the literature review is completed, the findings gathered will be
processed with a five-step thematic analysis, consisting of the
following steps: 1. Transcription and selection of quotes; 2. Selection
of keywords, 3. Coding, 4. Theme development, and 5.
Conceptualisation through interpretation of themes and codes and
development of conceptual models[55].

1. Transcription and selection of quotes: In the initial phase, I
will familiarise myself with the already filtered relevant
publications and choose key quotes that represent
viewpoints on the study's objective

2. Selection of keywords: Once the familiarisation process is
completed, keywords encapsulating recurring themes and
patterns will be generated.

3. Coding Scheme: In the third step, the developed keywords
will be used to form short phrases or words, also known as
codes, that will capture the central theme of the data

4. Theme Development: Theme development consists of
grouping the created codes in a meaningful way and then
deriving meaning that links the data to the research
question. For instance, the identified theme in the
following quote: “AI-enabled project management tools, for
example, include powerful analytics that can help project
managers anticipate delays and drops in productivity”
would be “Artificial Intelligence”.

5. Conceptualisation through interpretation of themes and
codes and development of conceptual model: In this step,
the patterns found through codes and themes will be
defined and justified. Then, the definitions will be

systematically compared to already existing patterned
meanings, encapsulating academic viewpoints. This
process will generate a unique representation of the
derived data, also known as a conceptual model, that
embodies all the gathered insights and answers to the
research question.

This well-established practice will allow us to break down
PA into segments and discover apparent differences in underlying
concepts upon examining the newly found data.

4 FINDINGS
The relevance filter on materials found in the literature

review halved the articles used by this paper. The main reason is that
most of the articles were broad, just hinting at the use of digital
algorithmic HR tools, or were simply irrelevant. In case they had one,
the initial research was based on adding all articles from these 9
consultancies with relevant titles and abstract sections. Articles titled
“Realising the power of technology + talent”, for instance, simply
stated, “...partner with HR and implement change management
practices to introduce new ways of working in tandem with new
technology, with customer-centric multidisciplinary teams helping to
drive speed to market and enterprise platform teams to enable
scale”[64]were excluded from the literature review due to lack of
specificity, proof and questionable relevance. A few articles were
considered relevant to the research. However, PA’s appliance,
definition, or contribution could not identify a specific theme. Their
inability to fit into the defined coding scheme led to the creation of the
“other” concept. Such articles were considered in the study but will
not be further analyzed. The resources that remained were split into
4 distinct categories: Motivation behind PA, Approaches towards
achieving PA, Fields affected by people analytics, and
Consequences from people analytics in the form of ethical and
practical concerns. They were chosen in an attempt to cover the
major topic in people analytics fully
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Table 2: Coding Scheme

Concept Theme Reference

Motivation Justification [56]

Purpose [61]
Definitions [61]

Approaches Cloud-Based Solutions [57][3][1]

Artificial Intelligence [57][61][17][62][38][1][20][3][29][8][11][12][74][65][45][46][60][68][48][49][5][18][54][7][6][10][36][72][26][73][59][39][37][47]

Machine Learning [74][60][37][47]

Virtual Reality [2]
Visual Analysis [13][19][11][42][44]

Qualitative Analysis [61]
Quantitative Analysis [61]
Predictive Analysis [38]

Applicant Tracking System(ATS) [37]

Human Capital Data Lake
Algorithms

[71][43]

Affected Fields Attrition [30]

Talent Management [29][23]

Employee Experience [62][30][14][5]
Retention [42][23]
Talent Acquisition and Staffing [65][72][37]

Training Effectiveness [23]
Diversity, Equity, Inclusion [30]

Consequences Privacy concerns [30]

Employee Privacy [26]
Data Quality [48]

Other Miscellaneous [87][19][11][60]
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and provide an overview of specific field parts that are viewed
differently between academia and practice. Table 2
demonstrates the identified concepts and themes retrieved
from the review

4.1 Motivation
Most of the papers in this study have dedicated a

section contributing towards the motivation behind and
purpose of people analytics as a practice; however, most lack
justification and clarity of their claims and/or are missing a
definition of the field. An example would be: “However, this
reorientation requires Modern HR leaders who can solve the
right problems in innovative, tech-forward ways and reshape
how work is done in their organisations.”[69] Therefore, in the
coding scheme, I have handpicked only articles that clearly
state what people analytics is about and how it could be
beneficial to a legal entity. Judging by the results produced in
Table 2, it has become apparent that practitioners tend to
avoid providing a comprehensive and clear definition of
people analytics while justifying the importance of PA with no
evidence to back up such claims. For example, “Data is
growing fast, and technologies—AI, ML, RPA, and so on—if
applied smartly, have the potential to help you validate,
structure, and better use it. Deloitte sees these collectively as
the next step in humans with machines collaboration”.[57]
4.2 Approaches

The approaches section is central to the
organisation of the developed coding scheme. It comprises
an exhaustive list of all the different approaches encountered
in the 79 practitioner texts that are covered in this study.
Without a shred of a doubt, the majority of the articles have
focused solely on the technological boom surrounding
artificial intelligence and machine learning, as almost 50 per
cent of the quotes extracted from all articles are AI-related.
Other less popular methods involve visual analysis in the
form of dashboards, virtual reality, cloud-based solutions and
others. As displayed by the coding scheme, various
approaches could be encountered in publications. Some
concepts overlap, such as predictive analysis and machine
learning. It is worth noting that this overlap arises in order to
demonstrate how rarely authors of publications use
narrowed-down, specific approaches and, consequently, how
often they follow global and local trends and write in a broad
and unspecific style to attract a bigger audience. This
becomes apparent when a comparison is made between the
number of articles related to virtual reality and AI, especially
when, today, artificial intelligence could span from virtual
reality to AI-integrated cloud solutions. Another plain
observation would be that a decent percentage of the
articles(no matter the topic) had a call-to-action component.
An example would be, “Our experienced advisors are happy
to introduce the (people analytics)solution for you in-depth via
a demo environment.”[86] This suggests that some of the
articles are written for marketing purposes rather than
truth-seeking, which would rarely be the case in academic

writing. Another instance of this occurrence would be, “...With
next-gen AI and automation, such as GenAI-powered
software engineering automation, Capgemini is at the
forefront of disruptive innovation.”[38]

4.3 Affected Fields
The affected fields list sectors of HR and BPM that

altered the approaches mentioned above. However, this
section of the coding scheme is not exhaustive, as many
relevant quotes were removed after the initial review due to a
lack of credentials or a publication date that falls outside the
study's reach. In summary, it is rather apparent that the
beneficiaries are predominantly People Management
Processes such as staffing, training and attrition, where
employee experience seems to be the most recognised and
affected by the PA field, according to my research. Recruiting
is second to top, influenced by new AI-augmented
data-driven approaches to hiring.

4.4 Consequences
Surprisingly, very few articles covered practical

consequences and concerns. Furthermore, not only was the
total number of encounters of concerns in the field of PA low,
but the mentioned concerns were introduced in a few
sentences and covered only privacy and data quality
concerns. The depth and intricacies of the academic’s
reservations were almost entirely missing in the practitioners’
message. Therefore, this study reveals that practitioners are
systematically likely to either be unaware, ignorant, or
unbothered by potential threats in the world of data, judging
by the fact that there are too few occasions in which a
component of the article is dedicated to possible concerns or
violations. In their efforts to sell their services and gain
credibility, consultancies might eventually suffer from only
giving voice to only one side of the story. Naturally, people
analytics has advantages and disadvantages; however, in
this study, three publications included possible repercussions
of the practice or any other relevant insight on PA’s
drawbacks. Practitioners, driven by ulterior
motivations(marketing their agencies, selling their products),
falsely appear to be quite optimistic about making people
analytics a standard procedure in business. In reality,
however, they fail to consider the consequences PA might
inflict.

5 DISCUSSION
This section of the paper will compare the concepts

derived from the coding scheme to recurring themes seen in
academic literature. This approach will contribute to
establishing the hidden barriers between academia and
practice and provide relevant insights on how to tear said
barriers down while leaving space for further research. I will
individually cover each concept I have adopted in the coding
scheme, where some sections will be shorter due to an
aligned understanding between scholars and practitioners.
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5.1 Motivation
Even though reaching a unanimous decision when

considering the definition of people analytics is challenging
among stakeholders. More often than not, academics and
professionals come to an agreement on the justification and
purpose of PA and the further development of the unrealized
sector. For most, people analytics is a data-driven
algorithmic approach that extracts and analyses
people-related data, a necessity in the day and era of big
data. Unlike in academic writing, a clear definition or
motivation is often absent in the publications of professionals.
However, all relevant parties are united in their aspirations to
extract value from data in people-oriented processes and
agree that PA could be invaluable if incorporated
appropriately. Furthermore, the justification and purposes of
PA seem to align with those of scholars and practitioners. For
instance, a comparison could be made between the following
quotes from academia and practice. According to Deloitte,
“People analytics interventions can improve business
performance, provide a better workforce experience, and
enable a data-driven HR.”[61], meanwhile, Tina Peeters
claims that “People analytics can thus be used to solve
pressing business issues, as illustrated, for example, by the
people analytics team of ING…They were consequently able
to determine which employees would fit the profile of the
vacancies well, and conversations with those employees
ensued”.[88]

5.2 Approaches
In the previous section, different motivations were

listed as plausible reasons why consultancies would prefer to
use and advertise a certain approach of the field of people
analytics. These findings point out the conceptual difference
of advertising certain aspects of PA in a biased and
unfounded manner in order to extract benefits for the
consultancy. Such marketing promises truly defy the
curiosity-driven approach of scholars and could cause
suspicion among experts with technical backgrounds due to
their broadness. Even though scholars also attempt to gain
more citations and relevance, their best marketing strategy
would be producing scientifically sound and accurate work.
Contrary to this, the tendency to introduce hype around a
problem only the consultancy can solve via a new
“revolutionary” software is common in the professional world.
An instance of such marketing would be “Deloitte’s Human
Capital professionals leverage research, analytics, and
industry insights to help design and execute the HR, talent,
leadership, organization, and change programs that enable
business performance through people performance.”[89].
According to the study, another important discrepancy
between practice and academia is the extent to which
practitioners follow trends. The table clearly shows that most
articles focus on artificial intelligence, ML, cloud-based
solutions, and other currently trending topics. This verifies the

theory that practitioners rapidly adopt innovative technology
and strive to be the first to extract value from it. This,
however, is sometimes at the expense of proven, reliable
methods. Scientists, on the other hand, tend to prefer proven
and empirically tested approaches.[90] Finally, practitioners
appear to use simple and non-specific language in order to
reach as many people as possible and convert them into
clients. Principles regarding people analytics were briefly
mentioned but not fully explained and lacked depth, which is
rarely true in academic writings. An example you are already
familiar with is Capgemini's claim: "With next-gen AI and
automation, such as GenAI-powered software engineering
automation, Capgemini is at the forefront of disruptive
innovation.” It provides no further intel on exactly how this
was achieved.

5.3 Affected Fields
Scholars and practitioners seem to agree regarding

the fields that people analytics affect, listing all people-related
processes and some business processes as direct
beneficiaries of PA.

5.4 Consequences
Even though the value and benefits people analytics

can bring to the world of data are recognized and
appreciated, scholars lack data and claim the field is too early
in its development to be labelled as trustworthy[91].
Uncalculated liabilities might occur in the daily use case of
PA, and that is something practice seemingly forgets to
mention. According to the data extracted from the research,
that perhaps is the most crucial conceptual difference
between academia and practice. Neglecting ethical concerns
arising from the active use of people analytics might lead to
bad employee experience, unwanted surveillance, privacy
leaks and discrimination and bias due to data contamination.
Regarding the few thematic concerns identified in the coding
scheme, data quality was the only structural concern
explained, and the consequences of ignoring the data quality
for the organization were also discussed. Academics, on the
other hand, spend a vast majority of their time producing
work that critically reviews existing literature on people
analytics in an effort to establish the advantages and
disadvantages of utilizing PA. Empirical knowledge is
gathered through experiments, and based on them, entire
sections are dedicated to practical concerns. When
practitioners leave out such important information, they
sound untastefully optimistic, and such practices quickly
diminish their work's credibility and scientific pursuit.

6 CONCLUSION
In this paper, a study was conducted on 133

publications produced by nine of the leading consultancies in
the world. The literature review was later limited to 79 papers
due to issues of relevance and lack of authorship and date of
publication. This paper aims to establish conceptual
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differences between academia and practice in the field of
people analytics. We have grasped a few such discrepancies
that could be responsible for most of the disagreements
between scholars and practitioners. In our findings, we
uncovered that practitioners follow trends and make what
appear to be unjustified promises due to the broadness of
their language, striving to sell their product and gain
relevance and credibility. Later, I commented on how the
extracted data pointed out that this false optimism and lack of
depth and information on practical concerns in practitioners'
research are the most prominent and significant conceptual
differences. Due to time and resource constraints, the
discrepancies covered are far from exhaustive, and a lot of
data was dismissed due to the relevance and trustworthiness
of the publications. Another flaw to consider is that the study
could potentially be biased as the coding scheme was
developed with no peer review, meaning that the quotes,
keywords and concepts I chose and developed have not
been revised. This study also aims to contribute to the
discussion of people analytics by bringing forward relevant
insight and eventually supporting and inspiring future
research on the topic.
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