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Résumé

Dans le paysage commercial en constante évolution et au rythme effréné d’aujourd’hui,
les organisations doivent s’adapter et innover en continu pour maintenir leur avan-
tage concurrentiel. L’analytique des ressources humaines et l’analytique des réseaux
organisationnels sont devenues des outils essentiels pour exploiter les données afin de
soutenir les processus de prise de décision et améliorer l’efficacité organisationnelle.
L’analytique des ressources humaines se concentre sur l’analyse des données de la
main-d’œuvre pour obtenir une compréhension plus profonde, gérer et optimiser le
capital humain. L’analytique des réseaux organisationnels, en revanche, étudie les
modèles de communication, les interactions et les relations entre les employés pour
favoriser une organisation hautement collaborative et efficace.

De nombreux avantages découlent de l’utilisation de l’analytique des ressources hu-
maines et l’analytique des réseaux organisationnels, tels que l’amélioration de l’engag-
ement des employés, l’augmentation de la productivité et une meilleure prise de déci-
sion, entre autres.

L’attrition est un problème particulièrement coûteux et perturbateur pour de nom-
breuses organisations, et l’utilisation d’analyses basées sur les données pour prévoir
et atténuer ce phénomène peut offrir des avantages significatifs.

L’objectif principal de cette thèse est d’apporter une contribution importante au do-
maine en développant un cadre pour créer des outils analytiques et des visualisations
axés sur l’analytique des ressources humaines et l’analytique des réseaux organisa-
tionnels. Nous compléterons cela en présentant des utilisations pratiques où nous
réaliserons des analyses avancées sur des études réelles avec les données clients de
Panalyt, afin de démontrer les bénéfices qui en découlent.
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CHAPTER 0. RÉSUMÉ

De plus, cette thèse abordera les défis inhérents et les préoccupations éthiques as-
sociés à l’analyse des informations sensibles des employés. Il est crucial de traiter
ces problèmes pour maintenir la confiance et assurer une utilisation responsable des
données.

Un autre aspect critique de cette recherche implique d’examiner et de développer des
modèles de prédiction d’attrition qui utilisent les informations historiques du parcours
des employés au sein d’une organisation. Une étude de cas montrera également que
les mesures déduites des métadonnées de communication sont des prédicteurs efficaces
de l’attrition.

La méthodologie de recherche englobera l’analyse des données clients réelles de la base
de clients de Panalyt, auprès de laquelle j’ai réalisé ma thèse, et l’expérimentation de
ces outils d’analyse et modèles sera dans le contexte d’organisations clientes de taille
moyenne à grande. Cette approche aidera à mieux comprendre leur applicabilité et
leur efficacité dans des situations réelles.
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Abstract

In today’s fast-paced and ever-changing business landscape, organizations must con-
tinuously adapt and innovate to maintain their competitive edge. People Analytics
and Organizational Network Analytics have emerged as vital tools for harnessing data
to support decision-making processes and enhance organizational effectiveness. Peo-
ple Analytics focuses on analyzing workforce data to gain a deeper understanding,
manage, and optimize human capital. In contrast, Organizational Network Analytics
explores communication patterns, interactions, and relationships among employees to
foster a highly collaborative and efficient organization.

Numerous benefits arise from employing People Analytics and Organizational Network
Analytics, such as improved employee engagement, increased productivity, and better
decision-making, among others.

Attrition is a particularly costly and disruptive issue for many organizations, and using
data-driven analysis to predict and mitigate it can provide significant advantages.

The primary objective of this thesis is to make a meaningful contribution to the field
by developing a framework for creating analytic tools and visualizations focused on
People Analytics and Organizational Network Analytics. This will be complemented
by practical use cases in which we perform advanced analysis on client case studies
using real data from Panalyt to demonstrate their benefits.

Additionally, this thesis will address the inherent challenges and ethical concerns
associated with analyzing sensitive employee information. It is crucial to address
these issues to maintain trust and ensure responsible data usage.

Another critical aspect of this research involves examining and developing attrition
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CHAPTER 0. ABSTRACT

prediction models that utilize the historical information of employees’ journey within
an organization. One case study will also showcase that metrics derived from com-
munication metadata are effective predictors of attrition.

The research methodology will involve analyzing real client data from Panalyt’s client
base, the company where I conducted my thesis, and the experimentation with these
analytic tools and models will be within the context of medium to large-sized client
organizations. This approach will help to better understand their applicability and
effectiveness in real-world settings.
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Chapter 1

Introduction

1.1 Context and motivations

Organizations face a variety of challenges related to their workforce, including em-
ployee turnover, low engagement, skills gaps, and productivity issues. In order to
address these challenges, organizations need to have a deep understanding of their
employees, their skills, their interests, their work patterns, and their networks. This
is where People Analytics and Organizational Network Analytics come into play.

People Analytics is the use of data and analytics to inform and improve people-related
decisions in organizations. It involves collecting and analyzing data from various
Human Resources (HR) systems in order to gain insights into employee behavior,
performance, and engagement. With People Analytics, organizations can make more
informed decisions about hiring, performance management, learning and development,
and employee retention.

Organizational Network Analytics is a subset of People Analytics that focuses on the
analysis of social networks within organizations. It involves mapping and analyzing
the relationships and communication patterns between employees in order to under-
stand how information flows, how decisions are made, and how teams collaborate.
By leveraging insights from Organizational Network Analytics, organizations can im-
prove collaboration, innovation, and decision-making, identify and address potential
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CHAPTER 1. INTRODUCTION

communication gaps or bottlenecks.

According to recent studies, the use of People Analytics can have a significant impact
on various aspects of HR management, such as recruitment, employee engagement,
and retention [IH16]. Over 70% of companies use People Analytics to improve their
performance, according to a 2019 Deloitte report [Del19]. A 2018 study found that
65% of those who work in an organisation with a strong People Analytics culture said
that their business performance was stronger than competitors [CIP18].

Moreover, with the growing availability of big data and advances in machine learning
techniques, the potential for People Analytics and Organizational Network Analytics
to drive strategic decision-making in HR is increasing. For example, predictive models
based on employee data have been developed to identify employees at risk of leaving
the organization, allowing for targeted retention efforts. Additionally, the use of com-
munication metadata from email and chat systems has shown promise in predicting
employee engagement and job satisfaction.

Together, People Analytics and Organizational Network Analytics can provide pow-
erful insights into the workings of an organization and help address a wide range of
challenges related to the workforce. However, despite their potential benefits, many
organizations struggle to implement these tools effectively. They may lack the neces-
sary data infrastructure, analytical skills, or understanding of how to turn data into
actionable insights.

Given these potential benefits, there is a growing interest in developing tools and
dashboards for People Analytics and Organizational Network Analytics, as well as
exploring new approaches for predicting attrition and improving employee retention.

1.2 Contribution

As mentioned before, many organizations struggle to implement People Analytics and
Organizational Network Analytics effectively.

This thesis aims to address this gap by developing tools and dashboards that are
practical and user-friendly, and by providing real-world case studies that demonstrate
the benefits of these approaches.

4



1.3. STRUCTURE OF THE THESIS

We will explore how to create People Analytics and Organizational Network Analytics
tools and dashboards, display different use cases regarding their benefits, and propose
a model to predict and understand attrition based on employee data.

Our methodology will involve studying real client data and experimenting with the
effectiveness of our tools and models with medium to large size clients.

By using real client data and experimenting with different models and techniques, we
aim to give practical insights that can be applied by medium to large size organizations
in a variety of industries.

Overall, this thesis aims to provide practical guidance for organizations looking to
leverage People Analytics and Organizational Network Analytics to improve their
workforce management and drive better business outcomes.

1.3 Structure of the thesis

The remainder of this thesis is organized as follows:

The literature review in chapter 2 will provide a comprehensive overview of the pre-
vailing research in the domains of People Analytics and Organizational Network Ana-
lytics. The intention is to lay the foundation for the subsequent chapters and establish
a thorough understanding of the current state of knowledge.

In chapter 3, we will outline the conceptual framework to be employed for the construc-
tion of People Analytics and Organizational Network Analytics tools and dashboards.
The chapter will also explore ethical considerations pertaining to data collection and
analysis in order to address privacy and security concerns that may arise. This section
will detail the process of data collection, handling, and related queries. Additionally,
several use cases will be given to demonstrate the functionalities of these tools. Fi-
nally, we will present some of the main dashboards that we were able to develop over
the last 3 years.

Chapter 4 will present various case studies to demonstrate the advantages that People
Analytics and ONA tools and dashboards bring to the decision-making process within
organizations. By discussing practical applications and techniques, this chapter aims
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CHAPTER 1. INTRODUCTION

to highlight their relevance and effectiveness in solving real-world management prob-
lems.

Chapter 5 will present our attrition prediction model, applied to real client data. We
will also display Panalyt’s attrition dashboard which was developed for this model.

The concluding sections will summarize the significant findings of this thesis, high-
lighting the advancements and contributions made in the realm of People Analytics
and Organizational Network Analytics. Additionally, it will emphasize the areas that
warrant further investigation and propose possibilities for future research endeavors to
continue refining and enhancing these tools for more effective organizational decision-
making.
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Chapter 2

People Analytics, ONA and
Attrition Prediction: State of
the Arts

In this chapter, our goal is to present a comprehensive review of the current knowledge
and recent developments in the fields of People Analytics and Organizational Network
Analytics, as well as the aspect of attrition prediction models. We will begin our
journey by examining the growth and rising importance of People Analytics and ONA
in modern businesses, exploring how it has become an essential tool for understanding,
managing, and optimizing human capital.

We will also explore the role of attrition prediction models in this context, which can
help organizations better anticipate and address employee turnover, thereby minimiz-
ing disruptions and costs associated with it.

Next, we will provide a detailed analysis of various notable analytic tools and platforms
that enable the successful implementation of People Analytics. We will also pay
attention to Panalyt’s distinct solutions and distinguishing factors in comparison to
its competitors.

7



CHAPTER 2. PEOPLE ANALYTICS, ONA AND ATTRITION
PREDICTION: STATE OF THE ARTS

2.1 People Analytics & ONA

2.1.1 People Analytics: Literature Review

People Analytics is the practice of collecting and transforming human resources (HR)
data and organizational data into actionable insights that improve the way you do
business [Visnd]. Combining elements of behavioral science, business management,
and data analysis, this approach helps optimize HR decisions, employee engagement,
and overall organizational performance.

Over the past decade, People Analytics has become an essential aspect of modern HR
management, thanks to the increasing availability of data and the rise of powerful
analytical tools [VB17].

Tracing the origins of People Analytics back to the development of HR processes that
aimed at measuring employee performance and identifying areas for improvement,
modern technology has played a significant role in this field. Organizations began to
collect more data on their employees, enabling data-driven approaches to HR manage-
ment. This was facilitated by the continuous advances in technology, which allowed
HR professionals to accumulate and process vast amounts of data, thereby adopting
more sophisticated analytical methods in their decision-making processes.

Figure 2.1 gathers some of the most up to date literature reviews in the field of People
Analytics.

Amongst the top most cited articles in the HR/People Analytics field, all with more
than 100 citations, we find:

Angrave et al. (2016) [Ang+16], who’s study highlights the need for HR professionals
to enhance their analytical thinking in order to improve the development of HR ana-
lytics. They suggest that HR professionals should focus on developing their skills and
knowledge to become "champions" of this approach, which will ultimately enable HR
to have a strategic influence at the managerial level, benefiting both the organization
and its employees.

Ulrich & Dulebohn (2015) [UD15] suggest that HR should adopt an external-internal
approach, in which HR responds to the organization’s challenges and participates
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2.1. PEOPLE ANALYTICS & ONA

Table 2.1: Summary of the studies
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CHAPTER 2. PEOPLE ANALYTICS, ONA AND ATTRITION
PREDICTION: STATE OF THE ARTS

more fully in strategy and value-adding development. They argue that HR analytics
should focus on addressing the right problems.

Sivathanu & Pillai (2018) [SP18] present a case study using the Smart HR 4.0 analysis
methodology to identify employees at risk of attrition and emphasize the importance
of linking the concept of Smart HR 4.0 to the digital transformation of HR functions
based on a "science of people."

Davenport et al. (2010) [DHS10] report that leading companies such as Google, Best
Buy, P&G, and Sysco utilize sophisticated data collection and analysis technology to
maximize the value of their talent. The paper provides six key ways to track, analyze,
and use employee data.

Marler & Boudreau (2017) [MB17] and Aral et al. (2012) [ABW12] develop a model
to examine HR analytics practices alongside an incentive system that yields higher
productivity when implemented collectively rather than separately. They also include
detailed data on HR software adoption.

Elia Rigamonti (2021) [Rig21] conducted a scoping review using Natural Language
Processing and Topic Modelling techniques to explore the state of the art and future
directions of People Analytics/HRA . The study analyzed 1,057 documents related
to HRA and identified six topics based on the top terms extracted through topic
modeling.

Topic 1: Big data and analytics in employee management and skill evaluation This
topic covers the interaction between big data and people management, discussing the
effects of digital technologies on HR needs and how data and analytical techniques
can be used to assess employee KSAs.

Topic 2: HRA strategic development, implementation, and impact This topic is the
"heart" of HRA literature, discussing analytics from a strategic and managerial view-
point.

Topic 3: Advanced statistical and analytics techniques to solve employee-related prob-
lems This topic focuses on advanced statistical and analytical techniques in HRA
solutions applied to employee turnover, retention, and other HR processes.

Topic 4: AI and analytics to support employee recruitment This topic is about opti-
mizing personnel recruitment through analytics and AI.
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2.1. PEOPLE ANALYTICS & ONA

Topic 5: Miscellaneous HRA-related topics This cluster includes a variety of HRA-
related topics, such as ethical implications of HRA, key ingredients for HRA teams,
and HR opportunities related to IoT (Internet of Things) and wearable devices.

Topic 6: HRA technological infrastructure This topic focuses on HR Information
Systems (HRIS) and digital technologies as precursors to HRA, investigating HRIS
adoption and outcomes.

The study also identified challenges and opportunities in the field of HRA, such as
the need for greater collaboration between HR and data science teams, increased use
of machine learning techniques, and the need to address ethical and privacy concerns.

2.1.2 Organizational Network Analytics: Literature Review

Organizational Network Analysis (ONA), also called Relational Analytics (RA), can
be assigned a specific subset of People Analytics that focuses on relationships, commu-
nication patterns, and collaboration among individuals within an organization. ONA
tools visualize and analyze these connections, giving HR professionals insights into
the social network structure of their organization. ONA is also a subset of methods
developed for Social Network Analysis (SNA), and most of the research-based paper
will refer to SNA instead of ONA of RA, probably as the term is better referenced
and established. In practice, all of our clients at Panalyt and other vendors refer to
ONA and/or RA [23a; 23b; 23c; 23d; 23e; 23f].

ONA refers to the systematic study of communication and collaboration patterns
within an organization to aid decision-making processes and optimize overall perfor-
mance [CP04]. Drawing from network science, social network theory, and organiza-
tional behavior, ONA identifies informal networks, collaborative relationships, and
information flows within an organization. In recent years, ONA has garnered atten-
tion as a valuable tool for organizations to gain insights into the dynamics of their
workforce and enhance productivity.

As Paul Leonardi and Noshir Contractor argue [LC], People Analytics without ONA
limits itself to individuals attributes and neglects the interdependence between em-
ployees. Indeed, what drives an organization or a team performance is not only the
individual attributes, but also the interplay among people and how it evolves over
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time. ONA addresses that and captures communication between people to give in-
sights about the nature and the quality of their relationships. It makes it possible to
evaluate a collaboration in the context of the surrounding network, which is a critical
criterion for success in any collaborative project.

The application of ONA offers a shift from traditional hierarchy-based organizational
decision-making to a more dynamic, network-driven approach. Organizations typ-
ically establish supervisory hierarchies to streamline management, decision-making,
and collaboration processes [Rob04; Gal08]. However, routine interpersonal commu-
nication within workplaces tends to emerge more organically due to supervisory re-
lationships and organizational needs. As Krackhardt and Hanson describe it [KH93],
the formal organization is like the skeleton of a company, while the informal organi-
zation is the central nervous system that drives its collective thoughts, actions, and
relationships. Understanding the interplay between these two networks is vital for
effective organizational management.

Organizational behavior and management scholars have proposed theories linking
social network features to business performance metrics [TTF79; KS88] and devel-
oped strategies to measure and enhance communication networks within organizations
[NO16]. Some studies explicitly suggest how communication network features relate
to organizational effectiveness. For instance, Krackhardt and Stern [KS88] argue
that effective organizations have a higher rate of between-team communication than
within-team communication. In contrast, Hatch and Schultz [HS97] argue that decen-
tralized organizations with dispersed authority have better communication. Several
authors also claim that top-performing employees have more communication network
connections [CP02; NO16].

To assess these theories, researchers from various fields have proposed frameworks
and methodologies for examining latent hierarchical structures within interaction or
communication networks [PBK11; FP16]. One objective is to use communication
network features to classify individuals by rank or job title, thereby identifying net-
work correlates of institutional positions. Common approaches include computing
network centrality measures for employees and ranking them by importance [SA04;
NGD06; Row+07; Don+15; NM20]. Additionally, some methods in the literature at-
tempt to infer tree-like structures (ideally, the entire organizational hierarchy) using
inter-employee communication data [Gup+11; CMN08].
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2.1. PEOPLE ANALYTICS & ONA

Nakonečný (2020) emphasized the importance of the recipient’s understanding of the
message and the need for clear communication objectives, as well as the selection of
appropriate channels for information transmission and feedback [Nak20]. Ove (2019)
explored the use of social networks in internal company communication and the poten-
tial for increased efficiency in corporate environment management [Leo19]. Ragozini
and Vitale (2020) provided an overview of recent Social Network Analysis (SNA) re-
search, highlighting advanced methods, theoretical development, and applications in
various fields [RV20].

Mengbin (2019) investigated advanced mathematical SNA methods to study how in-
dividuals develop social strength during network interactions [Men19]. Dickinson,
Magnani, and Rossi (2016) discussed modeling, data recovery, and dynamics of social
networks, aiming to unify existing practical and theoretical knowledge about mul-
tilayer networks [DMR16]. Freeman (2004) presented a historical overview of SNA
development, while Arnaboldi et al. (2015) analyzed the importance of major online
social networks for corporations [Fre04; Arn+15].

Kaya and Alhajj (2019) examined the role of psychological factors in social media,
focusing on the analysis of influence and behavior in the context of social network-
ing and social media applications [KA19]. Brennecke (2019) conducted research on
employees seeking help in solving problems with coworkers using "dissonant links"
and found that seeking coworkers’ problem-solving assistance can bring performance
benefits [Bre19]. Lastly, Maiorescu-Murphy (2020) discussed the growing importance
of social media in large American corporations, emphasizing the potential of social
tools to impact the wider economy as significantly as other business information tech-
nologies [Mai20].

Much of the methodology used to study the relationship between organizational hier-
archy and communication patterns originates from analyses of the Enron email corpus
[KY04]. However, relying solely on this dataset has its limitations, as the Enron email
corpus may not represent more successful organizations. To overcome these limita-
tions, researchers have conducted empirical analyses of other organizations, but each
study has its own scope limitations [Gui+06].
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A word about active vs passive ONA

ONA can be classified into two primary categories: active and passive ONA [Leo15].
Understanding the differences between these two approaches is crucial for determining
their suitability and effectiveness in addressing organizational issues. This section will
discuss the differences between active and passive ONA and argue in favor of passive
ONA, with support from relevant references.

Active ONA involves the direct participation of organizational members in the data
collection process. It typically relies on surveys or questionnaires to gather infor-
mation on the relationships, communication patterns, and collaboration within the
organization. Active ONA allows participants to self-report their interactions, pro-
viding insights into their perceptions of the organizational network.

However, active ONA is subject to several limitations. First, it relies on the accuracy
and honesty of participants’ self-reporting, which can be biased or incomplete. Second,
active ONA can be time-consuming and resource-intensive, requiring organizations to
devote significant resources to data collection and processing.

Passive ONA, on the other hand, employs unobtrusive methods to collect data on
the organization’s network. It leverages existing digital traces of communication and
collaboration, such as email exchanges, calendar invitations, or project management
tools, to map-out the network. Passive ONA can provide a more comprehensive and
objective view of the organizational network, as it does not rely on self-reported data.

There are several reasons why passive ONA is considered superior to active ONA:

1. Objectivity: Passive ONA reduces the risk of biased or incomplete data by
relying on digital traces rather than self-reported information [Leo15]. This
allows for a more accurate representation of the organizational network.

2. Efficiency: Passive ONA is less resource-intensive and time-consuming than
active ONA, as it capitalizes on existing data sources [BH11]. This allows orga-
nizations to obtain valuable insights with minimal disruption to their operations.

3. Longitudinal analysis: Passive ONA enables the analysis of data over time,
providing a dynamic view of the organization’s network evolution [CCE16]. This
can help organizations identify trends and emerging issues more effectively.
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4. Privacy concerns: While passive ONA raises potential privacy concerns due
to the use of digital traces, these can be mitigated through proper anonymiza-
tion and aggregation of data, thus ensuring compliance with privacy regulations
[Pen10].

In summary, while both active and passive ONA provide valuable insights into organi-
zational networks, passive ONA offers several advantages over its active counterpart.
By leveraging existing digital traces, passive ONA offers a more objective, efficient,
and dynamic view of the organization’s network, making it a superior choice for orga-
nizations seeking to understand and improve their communication and collaboration
patterns. This is why at Panalyt [23a], we mainly focus on passive ONA.

2.1.3 Components of People Analytics

Over time, People Analytics has experienced significant evolution due to its growing
strategic importance for organizations and the rise of digital technologies. In the
broader context of business analytics, three primary components or stages can be
identified [Mar22], each with distinct levels of difficulty, value, and intelligence. These
include:

(1) Descriptive analytics: which addresses questions about what happened, why it
happened, and current events.

(2) Predictive analytics: which seeks to answer questions about future events and
their causes.

(3) Prescriptive analytics: which aims to determine optimal actions and their ratio-
nale. [KWL16; Lep+20; Siv+17].

The "descriptive" stage of People Analytics involves the utilization of internal and
external organizational data, as well as HR administrative and workplace information,
to produce ratios, metrics, analytic tools, and reports on human resources, primarily
focused on the past. It focuses on aggregating historical employee data to understand
the current state of the workforce, and it provides insights into why specific workforce
patterns exist, such as high attrition rates or low employee engagement.
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Predictive analytics, on the other hand, emphasizes data-driven insights and decision-
making, employing statistical techniques, data mining, and advanced algorithms to
analyze process and workflow data, as well as generate predictions and scenarios. The
focus is shifted to the future, aiming to forecast the likelihood of specific workforce
events, such as employee turnover or skill gap.

This has given rise to prescriptive analytics, which leverages extensive and diverse
HR data to provide HR decision-makers with options for optimizing performance
and transforming the entire HRM decision-making process [FJ14; SDY16]. It seeks
to guide decision-makers in taking appropriate actions to achieve desired workforce
outcomes.

Thus, the development of People Analytics should not be seen as a simple chronolog-
ical evolution. Instead, it should be understood as a maturity progression. Different
forms or "types" of analytics (i.e., descriptive, predictive, prescriptive) can be adopted
and are indeed being utilized by organizations within more complex and integrated
People Analytics initiatives and processes.

2.1.4 Challenges

The field of People Analytics has seen considerable progress in recent years, as demon-
strated by the expanding body of research. This increase in literature, along with the
implementation and adoption of People Analytics by organizations for strategic work-
force decisions, has given rise to various debates and challenges currently faced by HR
and business professionals.

Five major issues have emerged in these debates [MF22b]: (1) lack of consistency in
the concept and definition of People Analytics, (2) insufficient empirical evidence sup-
porting the performance impact of People Analytics, (3) organizations’ unprepared-
ness to perform People Analytics, (4) the question of People Analytics ownership, and
(5) ethical and privacy concerns associated with using People Analytics.

Lack of consistency in the concept and definition of People Analytics

Various terms have been used to refer to People Analytics, including of course People
Analytics [Fin17; LE21], Human Resources Analytics [LML03; MB17; VB17], Tal-
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ent Analytics [DHS10], Workforce Analytics [HBB18; MLL18], and Human Capital
Analytics [LF17; Min18].

Initially, Human Capital and Workforce Analytics were the most commonly used
terms, while in the last decade, People Analytics and HRA have become more popular
[FG20].

The term "People Analytics" was popularized by Google, as it represents their data-
driven approach to Human Resource Management (HRM) [MB17]. This concept has
gained traction as a best practice in HRM, as it is employed by leading companies to
enhance their competitive advantage [ZI20]. Google’s Project "Oxygen", initiated in
2010, has been a successful example of incorporating data analytics into daily decision-
making processes, which has facilitated the acquisition of valuable insights on people
operations [Ang+16; MS19].

Despite the various labels used, they all refer to the same talent management approach
based on data collection and analysis [Mar22]. However, the use of different labels
over time has made it challenging for researchers to identify relevant contributions.

Insufficient empirical evidence supporting the performance impact of Peo-
ple Analytics

With the growing adoption of People Analytics, consulting firms such as Deloitte have
promoted its benefits through publications [MB17]. Numerous case studies demon-
strate how HR departments can leverage People Analytics to address particular chal-
lenges [HCL11b; BT18; MLL18]. However, scholars remain skeptical due to the lack of
empirical evidence supporting its impact on strategic decision-making [LF17; MB17;
LE21]. Few organizations can determine the business value that People Analytics
provides [Ang+16; And17; MB17; HBB18; MLL18].

For example, Hussain et al. [HL18] states that “Despite the recent popularity of work-
force analytics, there is much that we do not yet know about the processes through
which analytics affects the strategy execution process in organizations and, ultimately,
firm success”.

This debate reflects the tension between practice and academia, with practitioners
focusing on case studies’ evidence and academics seeking empirical evidence and gen-
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eralizable findings. Until future research empirically links People Analytics to orga-
nizational outcomes, its impact remains uncertain.

Organizations are unprepared

To effectively enable organizations to make informed, data-driven decisions through
people analytics, HR professionals must possess a diverse skillset [HCL11b; RU15;
Ang+16; MB17; Kry+18; MF22b]. [MB17] argue that HR employees need the right
knowledge and skills to collect and analyze data, and communicate results meaning-
fully. Harris et al. [HCL11b] contend that human capital analytics success depends
on HR’s ability to find and nurture analytical talent.

Academic literature has proposed and debated various skills and competencies re-
quired for HR professionals to effectively conduct people analytics [And17; Kry+18;
MLL18; Min18]. HR professionals must have the ability to analyze, identify appro-
priate data, and translate results into actionable insights for managers. McCartney
et al. [MLL18] emphasize the need to ask the right questions, determine the right
metrics, and provide evidence for strategic decision-makers. [MF22b] have developed
a competency model for HR analysts, outlining six distinct competencies required in
the field: consulting, technical knowledge, data fluency and data analysis, HR and
business acumen, research and discovery and lastly storytelling and communication.

In addition to that, high-quality data is essential for successful people analytics,
but many organizations struggle with data quality and confidence [And17; MLL18;
Min18]. A study conducted by Deloitte showed that only 8% of HR leaders were
confident using their data [Del17; MLL18]. Workforce data is often vast, messy, and
stored in various sources, which can impede analytics and increase their cost.

Finally, although HR technology has advanced over the past 15 years, it often fails to
provide solutions for advanced and predictive analytics [Ang+16; And17; FG20]. The
lack of analytical capabilities, high-quality data, and adequate technology represent
real challenges for people analytics. Efforts have been made to address the skills gap,
improve data quality, and enhance HR technology.
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People Analytics’ ownership

The question of whether people analytics should remain within the HR domain or be
moved to a centralized analytics team has been explored by various scholars [RU15;
And17; MB17; Min18; FG20]. Van den Heuvel and Bondarouk [VB17] found that
50% of respondents believe people analytics should be part of a centralized team,
while 35% think it should stay in HR. Advocates for removing people analytics from
HR argue that keeping it within HR limits collaboration opportunities, access to rich
data sources, and strategic potential [RU15; And17; FG20].

However, those who support keeping people analytics in HR argue that other depart-
ments will not be as committed to acting on workforce data insights and may build
models without HR interests in mind [And17; MB17].

A balance between both sides could involve keeping people analytics within HR while
addressing the main limitations, such as adopting a highly collaborative approach and
building boundary-spanning relationships with other departments such as marketing,
finance or IT.

Ethical and privacy concerns

Employee monitoring and data collection has extended beyond the work environ-
ment into personal and private lives, creating ethical and privacy concerns [KT17;
JC20]. Despite the benefits of using employee data, such as better recruitment and
selection decisions, efficient identification of training opportunities, and reduced work-
place stress [HCL11b; RU15; Tur+21], collecting such data still involves significant
risks for HR professionals. In fact, employees may feel threatened if they are unsure
about what type of data is gathered, which collection methods are applied, and how
their data are being used [Cha+21].

Countries have implemented regulations like GDPR in Europe to mitigate the mis-
use of employee personal information. Organizations have also started creating new
positions and bodies such as Chief Data Officers and data governance committees to
ensure ethical standards concerning organizational-wide data [She+21]. Being mindful
of employees’ privacy concerns, acting transparently, and maintaining open commu-
nication between employees and management can offer more pros than cons, but HR
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professionals need to be included in these committees to review the boundaries around
data collection and continuously question which data is too invasive to collect.

2.1.5 Practical Applications

People Analytics leverages data-driven insights to enhance human resource strategies
and improve overall business performance. By harnessing the power of data analytics
and statistical techniques, HR practitioners can now tailor people management prac-
tices to specific organizational contexts, thereby tackling unique challenges faced by
their company.

Workforce Planning: People Analytics has proven instrumental in several use cases,
such as identifying workforce trends and predicting staffing requirements. By using
advanced analytics techniques, organizations can assess and forecast their workforce
requirements to ensure that they have the right mix of people and skills to meet their
business objectives. This enables companies to make data-informed decisions about
hiring, talent development, and workforce allocation, thereby optimizing their human
capital investments.

Talent Acquisition: People Analytics has supported HR teams in refining their re-
cruitment processes by enabling the use of data-driven insights to evaluate candidate
fit and potential for future success [Riv17]. Employers can now identify, attract, and
retain top talents by leveraging analytical tools that inform their talent sourcing,
assessment, and selection methodologies. People Analytics also facilitates the iden-
tification of potential biases in the recruitment process, promoting a more inclusive
and diverse workforce.

Employee Engagement: Employee engagement is another domain in which People
Analytics use cases have flourished. Organizations have started to analyze employee
feedback, sentiment data, and workplace trends to inform employee-centric initiatives
and foster an organizational culture that supports work satisfaction and productivity.
Consequently, by leveraging these powerful data-driven insights, HR professionals and
leaders can improve overall employee engagement, reduce turnover rates, and enhance
organizational performance.

Performance Management: In the sphere of performance management, People An-
alytics plays a pivotal role in the design and implementation of fair, unbiased, and

20



2.1. PEOPLE ANALYTICS & ONA

employee-centric performance evaluation systems [Dav17]. By employing data ana-
lytics techniques, organizations can enhance their performance management systems
to identify individual strengths and areas for improvement, as well as provide per-
sonalized development plans for their employees. This data-driven approach enables
companies to foster a continuous learning environment that supports employee growth
and development.

Employee retention: When it comes to employee retention, People Analytics has
proven useful in identifying key factors contributing to staff attrition, allowing em-
ployers to develop targeted interventions that address these drivers. Consequently,
organizations can now design initiatives that focus on employee career development,
upskilling, and reskilling, ensuring their workforce remains competitive and satisfied.
By proactively addressing the root causes of employee turnover, companies can en-
hance their ability to retain top talent and maintain a high-performance workforce.

Diversity & Inclusion: People Analytics helps organizations identify and address po-
tential biases in their workforce management practices. By analyzing demographic
data, HR professionals can ensure that diversity and inclusion initiatives are effec-
tively implemented and monitored, leading to a more inclusive work environment.
Moreover, People Analytics enables organizations to track the impact of diversity and
inclusion efforts on various organizational outcomes, such as employee engagement,
innovation, and financial performance. By leveraging these insights, HR professionals
can make data-driven decisions to refine and enhance their diversity and inclusion
strategies, promoting a more equitable and inclusive workplace culture.

Learning and Development: People Analytics also enables organizations to tailor
learning and development programs to the specific needs of their employees. By ana-
lyzing data on skill gaps, employee performance, and career progression, HR teams can
create customized training programs that target the most relevant areas for improve-
ment and growth. This data-driven approach to learning and development enables
organizations to optimize their investments in employee training and development,
ensuring that their workforce remains competitive in the rapidly evolving business
landscape. Furthermore, People Analytics can help organizations identify the most
effective learning modalities and delivery methods, enhancing the overall effectiveness
and efficiency of their learning and development initiatives.

Succession Planning: Through the use of People Analytics, organizations can iden-
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tify high-potential employees and create targeted development plans to prepare them
for future leadership roles. By analyzing factors such as performance, engagement,
and leadership potential, HR professionals can make data-driven decisions about suc-
cession planning and leadership development [SD09]. This proactive approach to
succession planning helps organizations build a robust leadership pipeline, ensuring
that they have a steady supply of capable and qualified leaders to fill critical positions.
Moreover, by leveraging People Analytics, organizations can monitor the progress of
their succession planning initiatives, making timely adjustments to address potential
challenges and ensure the successful transition of leadership.

Employee Wellness: By analyzing data on employee health, well-being, and engage-
ment, People Analytics can help organizations design and implement targeted well-
ness initiatives that improve employee satisfaction and productivity. This can lead
to better work-life balance, reduced stress levels, and increased overall well-being for
employees. Additionally, People Analytics can be used to identify specific employee
populations that may be at higher risk for health issues or burnout, enabling orga-
nizations to provide targeted support and resources to promote employee well-being.
By prioritizing employee wellness, organizations can also reduce absenteeism, lower
healthcare costs, and enhance overall workforce performance.

If we focus specifically on ONA applications, use cases are numerous:

Identifying Influencers and Emerging Leaders: ONA can be utilized to understand
employees’ collaboration patterns, interpersonal relationships, and subsequently, to
identify key players and emerging leaders within a company. These individuals often
serve as influencers or bridges that connect different groups, demonstrating remarkable
communication and decision-making skills. Organizations can benefit from leveraging
their abilities and networks to disseminate information, drive change, or promote best
practices.

Enhancing Collaboration and Cross-functional Teams: Organizational Network Anal-
ysis can be employed to enhance collaboration and facilitate the creation of cross-
functional teams. This is achieved through analyzing the network of relationships
among employees from different departments and functional areas, and identifying
overlaps, gaps, or opportunities for collaboration. By using ONA data, organizations
can promote cross-functional engagement by forming strong connections and identi-
fying barriers to collaboration. In this way, ONA acts as a catalyst for improving
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collaboration and fostering a more cohesive organization.

Facilitating Talent Management: By leveraging ONA tools, organizations can de-
velop more effective talent management strategies based on the insights obtained from
network analysis. These strategies can involve identifying high-potential employees,
addressing skill gaps, refining performance evaluations, and executing successful suc-
cession planning.

Innovation and Knowledge Flow: ONA can also reveal insights on the flow of knowl-
edge and innovation across an organization. By analyzing how employees interact and
share information, the organization can better understand the channels that support
innovation and knowledge transfer. Additionally, this analysis can pinpoint employees
who act as gatekeepers or key sources of knowledge in the organization. By using ONA
to optimize and strengthen these networks, the organization can elevate its ability to
innovate and maintain a competitive edge.

Employee Engagement and Retention: ONA serves as a tool for predicting employee
engagement and retention by assessing individuals’ ties within organizational net-
works, their level of job satisfaction, and workloads . By identifying employees who
feel isolated or possess weak links within the network, targeted interventions can be
employed to improve work relationships, develop trust among team members, and
ensure a sense of belonging within the organization.

Mimicking Successful Behaviors: ONA can be employed to study top-performing em-
ployees and their connectivity patterns within the organization. By identifying the
behaviors and network position of these individuals, companies can foster similar at-
tributes in others and offer training programs to enhance performance. Moreover,
coaching employees to develop their networks can also aid in spreading innovative
and successful practices across the organization.

These use cases illustrate ONA’s potential in guiding organizational leaders and hu-
man resources professionals to make informed decisions around workforce optimiza-
tion.
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2.2 Attrition Prediction

We mentioned earlier that three primary stages are identified in People Analytics: De-
scriptive, predictive and prescriptive analytics. In terms of predictive and prescriptive
analytics, one topic stands out in comparison to others.

Employee attrition, the voluntary or involuntary departure of employees from an
organization, is a significant concern for businesses worldwide. High attrition rates
can lead to increased recruitment and training costs, reduced productivity, and a loss
of valuable knowledge and skills within an organization. Data from Work Institute’s
2020 Retention Report estimates that it (conservatively) costs as much as 30% of a
worker’s annual salary to replace him and that 78% of the reasons employees quit
could be prevent by the employer [Ins20].

Therefore, understanding the factors that contribute to employee attrition and devel-
oping effective strategies to predict and mitigate it is crucial for maintaining a stable
and high-performing workforce.

One of the most effective ways to tackle this issue is to build a predictive model - based
on the wide variety of human resources (HR) data available [HCL11a] - to identify
employees who are showing an intention to leave voluntarily. These models can vary in
how they are built and operated but essentially follow the same basic principle - take a
sample of employees that have already quit the company and use their data to build a
model to highlight with an adequate advance who is likely to leave the company in the
near future. By identifying the employees at risk and by understanding why employees
choose to end their relationship with the company, the latter can make improvements
to reduce existing attrition problems. In recent years, numerous machine learning
algorithms and techniques have been applied to this problem.

2.2.1 Models

Predicting off-boarding and factors affecting employee attrition has been a significant
trend in Human Resouces Management literature. Various studies have employed
machine learning models to predict employee attrition. For instance, Jain et al. (2020)
argue that the RF model is the most suitable for predicting employee attrition[JJP20].
Khera and Divya (2018) used the SVM model to predict employee attrition, testing
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the model with archived data from three Indian IT companies[KD18]. Fallucchi et al.
(2020) employed the Gaussian Naïve Bayes (GNB) classifier model to analyze how
objective factors affect employee attrition and tested the predictive accuracy of their
model using IBM analytics data[Fal+20].

Yadav et al. (2018) compared the accuracy of various models, including Random
Forest (RF), AdaBoost, Decision Trees (DT), Logistic Regression (LR), and SVM,
to develop accurate and reliable models that optimize hiring and retaining quality
staff costs [YJS18]. They found that DT outperforms other models in their dataset
for predicting attrition. This study’s findings revealed that salaries, financial as-
pects, and promotions are insufficient incentives for retaining employees. Considering
the high employee turnover costs in organizations, Zhao et al. (2018) developed a
model for predicting employee turnover using the Extreme Gradient Boost (XGBoost)
model[Zha+18]. They analyzed the model using data from an IBM database and a
bank database.

Yahia et al. (2021) [YHC21] provide a comprehensive benchmark of different classifica-
tion techniques, emphasizing the importance of communication patterns in predicting
attrition.

Ziwei Jin et al. (2020) [Jin+20] design a hybrid model based on survival analysis
and machine learning, and propose a turnover prediction algorithm named RFRSF,
which combines survival analysis for censored data processing and ensemble learning
for turnover behavior prediction.

Liu et al. (2018) compared the accuracy of LR, Support Vector Classifier (SVC),
RF, and Adaboost in predicting employee turnover[Liu+18]. Additionally, Anh et
al. (2020) combined SVM, LR, and RF models to develop a model for predicting
future employee move [Anh+20]. They tested their model’s accuracy on the data
of 1470 employees in an organization. These findings indicate that AI models can
effectively predict employee attrition and turnover. HR managers can use these models
to identify the factors causing employee attrition and avoid the high costs associated
with human capital outflow.

Here is a brief description of some of the most widely-used algorithms:

• Decision Trees: A simple yet powerful classification algorithm that recursively
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splits the data based on feature values to form a tree-like structure. Decision
trees are highly interpretable but prone to overfitting if not pruned properly.

• Random Forests: An ensemble method that constructs multiple decision trees
and combines their predictions to improve generalization and reduce overfitting.
Random forests introduce randomness in both feature selection and data sam-
pling, resulting in diverse and robust models.

• Gradient Boosting Trees (GBT): Another ensemble technique that itera-
tively builds decision trees while minimizing a loss function, thereby correcting
errors made by previous trees. GBT often provides better performance than
random forests but requires careful tuning of hyperparameters.

• Logistic Regression: A linear model that estimates the probability of an
event (such as attrition) by fitting a logistic function to the input features.
Logistic regression is simple, interpretable, and can be easily extended to include
regularization for better generalization.

• Support Vector Machines (SVM): A powerful classification algorithm that
constructs hyperplanes in a high-dimensional space to separate classes with the
maximum margin. SVMs can handle non-linear classification using kernel func-
tions but may require substantial computational resources for large datasets.

• Artificial Neural Networks (ANN): Flexible and powerful models that con-
sist of multiple layers of interconnected nodes or neurons that can learn complex
patterns and representations in the data. ANNs can be customized with various
architectures and activation functions but may require extensive computational
resources and tuning.

These algorithms differ in terms of complexity, interpretability, and performance,
making it crucial to select the appropriate algorithm based on the specific requirements
and constraints of the problem.

2.2.2 Features

The accuracy and effectiveness of attrition prediction models largely depend on the
quality and relevance of the input features. Researchers have identified various fac-
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tors that influence employee attrition, which can be broadly categorized as follows
[ACG20]:

• Demographic features: age, gender, ethnicity and education level.

• Job-related features: job role, salary, promotion history, department and years
of experience.

• Organizational features: company size, industry, and organizational culture.

• Psychological features: job satisfaction, work-life balance, engagement and com-
mitment.

• Social features: interpersonal relationships and communication patterns.

Conventional methods in human resource management for addressing employee turnover
and retention have mainly concentrated on individual-level factors. These factors of-
ten include job stress, perceived unfair treatment, insufficient compensation, and the
availability of alternative job opportunities [Hom+17].

Regarding the social features, Younis et al. conducted a systematic review to develop
an employee retention model using SNA constructs for Human Resource Manage-
ment and Knowledge Management practices [YAC23]. The study aimed to identify
knowledge gaps by analyzing recent contributions on SNA’s application to employee
turnover. The review found that research in this area is still underexplored, with
multiple factors affecting social network parameters and employee turnover.

Four trends emerged: network position, network centrality, types of networks and
the snowball effect of turnover (i.e. impact of an influential employee leaving an
organization). The research showed that centrality measures in SNA can help identify
key individuals in a network. However, the correlation between network position and
turnover decision was found to be contradictory. Contrary to the traditional belief that
central employees have lower turnover propensity, many studies countered this notion,
arguing that unfavorable conditions could push a well-connected central employee to
leave.

The most prevalent network measures in the literature were degree, closeness, be-
tweenness, k-shell scores, and eigenvector centrality, with friendship and advice net-
works being the most studied. Turnover was found not to be random but occurring
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in groups, especially when influential employees resign. Some studies hypothesized
that turnover intention could shape employees’ future friendship and advice networks
[Glo+17; Trö+19].

2.2.3 Sampling

Typically, classification algorithms used to predict churn or attrition assume that the
dataset used to create the classifier is balanced. However, many datasets are consid-
erably imbalanced. An imbalanced dataset is one where the target class variable has
one class significantly outnumbering the others. For instance, a dataset where 1000
active employees, and only 30 have left, is an example of a highly imbalanced dataset.
Similar examples can be found in areas such as customer churn prediction [ZBB17],
predicting freshmen student attrition [Tha+14] and insurance fraud detection [HA15].
Classifiers built using highly imbalanced datasets tend to be biased towards the ma-
jority class cases, meaning they perform better at predicting majority class cases than
minority class cases. However, in real-world applications, a classifier should be un-
biased and equally adept at predicting both minority and majority cases. Balancing
imbalanced datasets is crucial for reducing bias in model predictions and improving
classifier performance.

To tackle the issue of imbalanced datasets in classification tasks, several solutions have
been proposed [Gal+12; Hai+17; KKP06], broadly categorized as data-preprocessing-
level solutions, cost-sensitive learning methods, algorithm-level solutions, and en-
semble methods. Data-preprocessing-level solutions involve resampling the original
data before constructing the classifier, making them easy to implement and classifier-
independent. Cost-sensitive learning methods consider the importance of misclassi-
fying majority and minority class instances. Algorithm-level solutions propose new
algorithms or modify existing ones, requiring a thorough understanding of the algo-
rithm for implementation and making them less popular than resampling techniques.
Ensemble solutions combine ensemble (bagging and boosting) models with resampling
techniques or a cost-sensitive approach.

However, traditional methods for attrition prediction typically involve the use of a
single observation per employee during a specific period [Lee+18; Fry+18], often
spanning a few months, does not account for variations in employees’ features over
time and is limited to a particular time period. This limitation raises several issues:
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exclusion of many employees from training datasets, insufficient information captured
by a single observation, inability to predict the timeframe within which employees are
at risk of leaving and lack of consideration for seasonality and its impact on attrition
risk.

The approach to predicting employee attrition is very similar to that of customer churn
[DK17] and studying customer churn can help deduce other methods. Ali et al. [GA14]
showed that using multiple training observations per customer from different time
periods (Multiple Period Training Data) increases churn model predictive accuracy
compared to traditional approaches that only use the most recent observation.

However, their framework has certain limitations, such as the potential lack of inde-
pendence introduced by multiple observations with minimal change, leading to dupli-
cate data and imbalanced training datasets. Another limitation is the restriction of
multiple observations to a specific period which excludes many customers.

In this thesis, we will focus particularly in proposing a comprehensive framework to
develop a dynamic model that adapts to the changing behavior of clients and the
evolving nature of the market. This dynamic approach allows the model to remain
relevant and accurate over time, unlike static models that may become outdated.

We will leverage multiple observations per employee, capitalizing on the longitudinal
nature of the data without the drawbacks of the aforementioned methods, ultimately
allowing organizations to better predict and address the issue of attrition.

2.3 People Analytics & ONA Analytic Tools

Various People Analytics and ONA tools have emerged in the market to cater to the
increasing demand for data-driven decision-making in HR. These tools facilitate effec-
tive workforce management, employee engagement, and productivity improvement.

Some popular People Analytics and ONA tools in the market include:

• Visier: a People Analytics and workforce planning tool that offers comprehen-
sive insights into key HR metrics like workforce demographics, attrition, and
diversity. It features built-in predictive analytics models for turnover predic-
tions helping organizations plan for and reduce employee churn [23f].
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• TrustSphere: an ONA tool that captures communication metadata and mea-
sures social graphs to identify key influencers, collaboration patterns and con-
nectivity within an organization. TrustSphere’s LinksWithin technology maps
the flow of organizational communication to provide insights into collaboration,
knowledge sharing and engagement [23e].

• Workday: Workday offers a suite of enterprise applications, including financial
management, human capital management, and planning software. Workday’s
People Analytics tool provides insights to improve decision-making in HR, such
as talent and performance management, diversity and inclusion and employee
engagement [23h].

• SAP SuccessFactors: a cloud-based human resource management (HRM)
system that encompasses a comprehensive range of human capital management
applications. Its People Analytics tool enables organizations to acquire insights
on issues related to HR, such as workforce cost analysis, employee turnover rate,
and workforce planning [23c].

• Swoop Analytics: An ONA tool that focuses on improving collaboration and
engagement in organizations by providing insights into employees’ digital in-
teractions. From email exchanges to internal communication platforms like
Microsoft Teams, Swoop Analytics offers easy-to-understand dashboards and
real-time analytics on individuals’ network behavior and performance [23d].

• Polinode: An ONA tool that offers network analysis and visualization capabil-
ities, enabling organizations to analyze and uncover insights within their work-
force. Through employee survey data and integration with communication plat-
forms, Polinode can identify key influencers, measure engagement, and provide
data-driven insights into organizational culture and effectiveness [23b].

• Panalyt: it differentiates itself by combining People Analytics and ONA into
one comprehensive platform, integrating data from various HR systems and
communication platforms, like emails and intranets. This holistic approach al-
lows organizations to better understand their workforce, evaluate collaboration
efficiency and understand their attrition. It also provides ready-to-use and cus-
tomizable dashboards, making analytical insights accessible to HR professionals
without advanced analytical skills [23a].
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RedThread Research in its People Analytics Technology 2022: report [GM22] has also
developed a People Analytics Technology Quadrant (Figure 2.1) to help organiza-
tions understand the positioning of various PA technology vendors based on their
capabilities, breadth of offering, and market presence. The quadrant consists of four
categories:

Figure 2.1: People Analytics Tech Market Solution Matrix | RedThread Research,
2022.

1. Pioneers: These vendors are characterized by a strong focus on innovation and
possess advanced PA capabilities that push the boundaries of what is possible
in the PA/ONA field. They may cater to niche markets or have specialized solu-
tions that address specific organizational challenges. Examples of such vendors
include Visier, Syndio, and TrustSphere.
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2. All-Stars: These vendors have established themselves as market leaders with a
comprehensive set of tools and solutions for PA and ONA. They have a strong
market presence and are often considered go-to options by organizations seeking
a robust and reliable PA platform. Notable examples in this category include
SAP SuccessFactors, Workday, and Microsoft Viva Insights.

3. Challengers: Vendors in this category have demonstrated impressive growth
and are working on refining their PA capabilities. They may not have as strong
a market presence as All-Stars, but they show promise in delivering innovative
PA solutions that can potentially disrupt the market. Examples of Challengers
include Lattice, ChartHop, and Qlearsite.

4. Specialists: These vendors focus on a particular aspect of PA or ONA and
deliver best-in-class solutions for that specific area. Specialists may provide
complementary tools to organizations that have an existing PA infrastructure
and are looking to address a particular challenge or tap into a specific insight.
Examples of Specialists include Humanyze, Polinode, and Innovisor.

The report by RedThread Research serves as a valuable resource for organizations
looking to adopt, refine or expand their PA and ONA capabilities. It provides a
detailed overview of the current state of PA technology, highlights potential use cases
for PA and discusses key trends shaping the market.

In the RedThread Research’s People Analytics Tech 2020 Report, it is mentioned
that "Panalyt is the only multi-source analytics platform in our study that also offers
ONA to analyze digital collaboration and communication based on passive data. The
company further integrates sales and business data, allowing line managers to identify
and focus on areas critical to them."

In conclusion, People Analytics and ONA tools equip organizations with actionable
insights to optimize workforce performance and improve decision-making. Panalyt
differentiates itself from other players by offering a comprehensive solution that inte-
grates both People Analytics and ONA, delivering a holistic view of an organization’s
workforce and communication patterns.
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2.4 Conclusion

The literature review offered a comprehensive understanding of People Analytics and
ONA, emphasizing their potential to optimize HR decisions and predict employee
attrition. Furthermore, we highlighted popular analytic tools available, emphasizing
the differentiating factors of Panalyt.

In the following chapter, we will have a closer look at the framework used at Panalyt
to not only explore organizations’ key information based on employees’ attributes
as we see in standard HR analytics systems, but also understand how to factor in
communication metadata to unlock more insights.

We will also explore how to use analytic tools and visualization techniques to simplify
complex data and create actionable insights for decision-makers.
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Chapter 3

Designing of a Framework for
People Analytics and ONA
Tools and Dashboards

3.1 Introduction

In this chapter, we embark on a comprehensive exploration of the design framework for
People Analytics and ONA used in Panalyt. We begin by delving into the challenges
encountered during the implementation of Panalyt’s cutting-edge People Analytics
solutions.

Next, we address ethical considerations, including privacy, consent, bias, autonomy,
data ownership, transparency, and accountability.

Following that, we delve into the critical components of data ingestion and storage,
laying the foundation for understanding Panalyt’s analytic tools, which are specifically
designed to tackle various HR challenges, ranging from recruitment and attrition to
overtime and evaluation.

Finally, we explore the synergy between ONA and people data, showcasing ONA met-
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rics and real-world use cases that highlight its impact on issues such as disengagement,
effective onboarding, and sales effectiveness.

3.2 Identified challenges and Panalyt’s Solution

At Panalyt [23a], we created a software as a service (SaaS) analytic platform where we
plug in our clients’ data and allow them to perform People Analytics as well as ONA
using our suite of pre-built analytic interfaces which cover the end-to-end employee
lifecycle.

Based on our experience building this product and interacting with dozens of clients,
we have identified multiple challenges. We will present the main ones in the following
sections, and how we overcame them. Later, we will see how the association of People
Analytics and ONA can help to deduce transformative insights by performing queries
on a partial subgraph.

3.2.1 3.1.1 Challenges in implementing Panalyt’s People Ana-
lytics solutions

Despite the numerous benefits associated with People Analytics, companies still face
considerable challenges when it comes to implementation. This section will explore
the most common obstacles we faced with Panalyt and present our solutions to help
organizations overcome these barriers.

Limited Resources

Organizations often struggle with limited resources, which can significantly hinder
the successful implementation of People Analytics initiatives. These limitations may
include:

1. Financial constraints: the adoption of People Analytics often requires invest-
ments in technology, tools and training. Organizations with tight budgets may
find it difficult to allocate the necessary funding for these elements.
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2. Lack of appropriate technology: the successful implementation of People Ana-
lytics relies on the availability of advanced data analytics tools, software and
technology infrastructure. Companies that lack these resources may struggle to
analyze and interpret the data effectively.

3. Insufficient staffing: implementing People Analytics initiatives requires dedi-
cated personnel to manage data collection, analysis and interpretation. Or-
ganizations with limited staffing resources may face difficulties in successfully
deploying and maintaining People Analytics programs.

Panalyt’s platform provides organizations with access to pre-built platforms that cover
the end-to-end employee lifecycle. This enables companies to leverage People Analyt-
ics without the need for extensive investments in technology, tools and training. The
SaaS model also allows for scalability, accommodating organizations of various sizes
and budgets.

Lack of Expertise

Many HR professionals lack the analytical skills necessary to interpret complex data
sets and derive actionable insights. This skills gap can prevent the effective imple-
mentation of People Analytics as organizations may struggle to translate raw data
into meaningful information. This challenge can manifest itself in several ways:

1. Inadequate data literacy: HR professionals may lack sufficient data literacy to
understand and interpret the results of People Analytics, hindering their ability
to make informed decisions based on the insights generated.

2. Limited knowledge of analytical techniques: the implementation of People An-
alytics requires a strong foundation in statistical techniques and methodologies.
HR professionals without this knowledge may struggle to effectively analyze and
interpret the data.

3. Insufficient understanding of domain-specific issues: People Analytics often in-
volves addressing domain-specific issues related to human resources, such as
employee engagement, retention and performance. HR professionals may lack
the necessary understanding of these issues to effectively leverage People Ana-
lytics in addressing them.
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4. Difficulty in integrating with existing systems: many organizations have legacy
HR systems that may not be compatible with modern People Analytics tools.
Integrating these systems can be time-consuming, costly, and technically chal-
lenging, limiting the ability of organizations to effectively implement People
Analytics.

Panalyt simplifies the process of analyzing complex data sets by providing user-
friendly analytic tools and visualizations. This empowers HR professionals with lim-
ited analytical skills to derive actionable insights from their data, closing the skills
gap and facilitating more data-driven decision-making.

Permission Systems

Permission systems are essential in People Analytics tools for several reasons, no-
tably because they play a critical role in managing access to sensitive information,
ensuring data privacy and security, and maintaining compliance with regulations. Im-
plementing permission systems in People Analytics tools can be challenging due to
the following factors:

1. Complexity of data and user roles: organizations often have complex structures
with multiple levels, departments and roles, each requiring different levels of
access to data and tools. Designing a permission system that caters to this
complexity can be difficult and time-consuming.

2. Balancing accessibility and security: striking the right balance between provid-
ing access to data for informed decision-making and maintaining data privacy
and security is a challenge. Overly restrictive permission systems may hinder
collaboration and efficiency, while overly permissive ones can compromise secu-
rity and compliance.

3. Scalability: as organizations grow, the number of users and roles may increase,
requiring the permission system to be scalable and adaptive. Implementing a
permission system that can easily accommodate growth and change is challeng-
ing.
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4. Compliance with regulations: organizations must adhere to various data protec-
tion and privacy regulations, which may have different requirements depending
on the jurisdiction. Implementing a permission system that meets all these
requirements can be a complex task.

5. Maintaining and updating permissions: over time, user roles and access require-
ments may change, requiring updates to the permission system. Keeping the
system up-to-date and managing these changes can be resource-intensive.

Panalyt provides customizable permission settings that allow organizations to define
different levels of data access based on roles, departments or other relevant factors.
This flexibility helps create a permission system tailored to the organization’s specific
needs.

Moreover, Panalyt is designed to scale with the organization’s growth, making it easier
to manage permissions as the company evolves. It simplifies the process of adding
new roles, updating permissions or modifying access levels as needed.

The platform is designed with data privacy in mind and helps organizations comply
with relevant regulations such as GDPR and CCPA. The platform includes features
that support secure data storage and handling, ensuring data privacy while maintain-
ing accessibility for authorized users.

Finally, Panalyt offers an intuitive user platform that balances data security with user
experience. The platform makes it easy for users to access the information they need
while still maintaining appropriate data access controls.

Data Collection and Management

One of the most significant challenges in implementing People Analytics is collecting
and managing the vast amounts of data required. Organizations need to gather data
from various sources, such as employee records, surveys, performance evaluations,
among others. Ensuring data accuracy and completeness can be arduous. Addi-
tionally, organizations must establish processes for updating and maintaining data
ensuring compliance with privacy regulations, and safeguarding sensitive information.

Panalyt’s platform assists organizations in managing their data more effectively by
providing a central repository for collecting, storing, and analyzing data from various
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sources. This streamlines the data management process and ensures data accuracy
and completeness. Panalyt complies with international data protection regulations,
including the General Data Protection Regulation (GDPR), to ensure the privacy of
it’s clients’ data.

Data Quality Issues

Accurate and meaningful insights depend on high-quality data. However, many orga-
nizations face difficulties in collecting, storing and managing data effectively. These
challenges can include:

1. Incomplete data: organizations may lack comprehensive data on their employ-
ees, leading to incomplete or biased insights.

2. Inaccurate data: data inaccuracies can arise from various sources such as data
entry errors or outdated information. These inaccuracies can negatively impact
the insights derived from People Analytics.

3. Inconsistent data: inconsistencies in data collection and storage practices can
make it difficult to compare and analyze data across different departments or
time periods.

Panalyt addresses data quality issues by offering tools to cleanse, validate and stan-
dardize data. By identifying and rectifying incomplete, inaccurate or inconsistent
data, Panalyt helps organizations improve the quality of their People Analytics in-
sights.

Resistance to Change

Implementing People Analytics may meet resistance from both managers and em-
ployees who are skeptical of data-driven decision-making or fear that it may lead to
invasive monitoring. Implementing People Analytics often requires a significant shift
in organizational culture and mindset. This resistance can create roadblocks in the
adoption of People Analytics and limit its potential benefits. Resistance to change
can manifest in several ways:
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1. Skepticism of data-driven decision-making: some employees may be skeptical of
the value of data-driven decision-making, preferring to rely on their intuition or
experience.

2. Fear of job security: the implementation of People Analytics may lead to con-
cerns among employees about potential job loss or the devaluation of their skills
and expertise.

3. Inertia and comfort with existing practices: some organizations may be reluctant
to change their existing HR practices and decision-making processes, even in the
face of evidence supporting the benefits of People Analytics.

Panalyt helps organizations overcome resistance to change by demonstrating the ben-
efits of data-driven decision-making through case studies, success stories, and best
practices. This fosters a more data-driven culture and encourages adoption of People
Analytics.

Organizational Silos

People Analytics initiatives often require cross-functional collaboration and data shar-
ing among various departments within an organization. However, organizational silos
can hinder this collaboration, leading to difficulties in implementing People Analytics
effectively:

1. Limited data sharing: departments may be reluctant to share data due to con-
cerns about privacy or competitiveness, resulting in an incomplete view of the
organization and limiting the effectiveness of People Analytics insights.

2. Lack of cross-functional collaboration: organizational silos can impede commu-
nication and collaboration between departments, making it difficult to align
People Analytics initiatives with broader organizational goals and strategies.

3. Conflicting priorities and goals: different departments may have competing pri-
orities and goals, which can create challenges in implementing People Analytics
initiatives that require cross-functional support and cooperation.
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Panalyt’s platform encourages cross-functional collaboration and data sharing by pro-
viding a centralized platform accessible to various departments within an organization.
This breaks down organizational silos, fostering communication and collaboration, and
enabling People Analytics initiatives to align with broader organizational goals and
strategies.

Demonstrating ROI

People Analytics initiatives often require significant investment in technology, training
and personnel. As a result, stakeholders may demand concrete evidence of return on
investment (ROI) before fully supporting these initiatives. Demonstrating ROI can be
difficult, particularly when the benefits of People Analytics may not be immediately
apparent or quantifiable.

Panalyt’s pre-built platform enable organizations to quickly and effectively analyze
their People Analytics data, revealing insights that can lead to cost savings, improved
efficiency and enhanced employee engagement. By showcasing the tangible benefits of
People Analytics, Panalyt helps organizations demonstrate the ROI of their initiatives
and secure stakeholder support.

Conclusion

Because of the complexity behind obtaining the data, as well as the technical resources
and cost needed to process large amounts of sensitive data, it is difficult to build such
a solution in-house for most companies. We had cases where clients told us that they
liked our product but wanted to build an in-house solution. Many came back more
than a year later with no progress. The resources and amount of work required to
build such a tool is often underestimated.

We have spent more than 5 years building Panalyt’s product at the time of writing this
paper. We have a product that efficiently extracts, processes and stores people data
and communication data every day and displays interactive visualizations in pre-built
platform where data from different sources can interact with each other.
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3.3 Ethical concerns

The increased prevalence of employee communication data in PA and ONA has given
rise to significant ethical concerns that organizations must address. Beyond legal
considerations, employers should be mindful of the ethical standards that they adhere
to while using this information.

One study estimated that 81% of People Analytics projects are jeopardized by ethics
and privacy concerns [Vis]. This section will elaborate on these concerns and propose
solutions to minimize potential risks.

3.3.1 Privacy and Consent

Respecting employee privacy is crucial when handling communication data. Organiza-
tions should provide clear guidelines on data collection and usage, and obtain informed
consent from employees [ONe+20]. In addition, incorporating privacy-enhancing tech-
nologies, such as differential privacy, can help protect individual-level data while main-
taining analytical value [DR14].

3.3.2 Bias and Discrimination

People Analytics projects can unintentionally perpetuate and exacerbate existing bi-
ases in the workplace. To mitigate this risk, organizations must employ rigorous data
auditing processes to detect and correct biased algorithms, as well as collaborate with
diverse stakeholders to ensure the fairness of their analytics models [Fri+19].

3.3.3 Autonomy and Surveillance

Employee autonomy can be undermined when communication data is used for ex-
cessive monitoring or surveillance. Companies should establish clear policies on data
usage and avoid overreach that may lead to a "Big Brother" culture, which can neg-
atively impact employee morale and trust [Zub19].
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Panalyt purposefully avoids analyzing sensitive communication data, ensuring privacy
and protecting employees from intrusive surveillance.

The use of aggregated, non-identifiable data is recommended where possible to demon-
strate to employees that the sole purpose behind People Analytics projects is to cap-
ture larger organizational trends.

3.3.4 Data Ownership and Control

Employees should have the right to access, correct or delete their personal data, as
well as exercise control over how their data is used [Com18]. Implementing data
management practices that empower employees will foster trust and promote ethical
People Analytics practices.

Panalyt recommends setting up well-defined policies and processes for data collec-
tion, access, storage, consent, and anonymity. These guidelines help maintain ethical
standards and ensure responsible data handling.

3.3.5 Transparency and Accountability

According to a recent study, transparency was identified as being one of the most
critical considerations for People Analytics projects [Tur+21]. Organizations should
strive for transparency in their People Analytics projects, informing employees of the
project’s goals, methodologies, and potential implications. This includes sharing the
outcomes and any decisions made based on the analyses.

Panalyt advocates for organizations to clearly communicate the reasons for pursuing
People Analytics projects and the benefits employees can expect from these initiatives.
Such transparency helps build trust and improve employee buy-in for People Analytics
initiatives.

3.3.6 Conclusion

Addressing the ethical concerns of People Analytics is crucial for ensuring responsible
use of sensitive employee data by organizations.
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By implementing the abovementioned measures, Panalyt addresses the ethical con-
cerns related to privacy, autonomy, transparency and data governance, ensuring re-
sponsible use of People Analytics and ONA in organizations.

3.4 Data Ingestion and Storage

Before building our platform, we needed data of 2 kinds: people data and communi-
cation metadata.

People data is collected from HR systems, such as human resources information sys-
tems (HRIS), payroll tools, absence management tools, performance management
tools, and recruitment tools (Figure 3.1).

In many cases, organizations use SaaS tools to store their data, and most of them
would have API connections. In other cases, the data is stored in Microsoft Excel or
CSV documents.

On the other hand, communication metadata can be retrieved from chat/email tools.
Over the last few years, online communication and management tools such as Mi-
crosoft Teams/Outlook, Slack, Gmail and others have started providing API access
for their customers, making it easier for organizations to collect communication meta-
data.

Having the experience of working with many different clients, we have a good overview
of how people data and communication data is stored, and how it can be retrieved,
and used to perform analysis. At Panalyt, we first collect the data using APIs or
CSV/Excel files. The data is then transformed and stored in the database and queried
from the analytic tool.

We use SQL to query our data, a structured query language that allows fast retrieval
and transformation of data.

We recommend to versionize the data, at least monthly, before storing it in one or
multiple tables, to make it easier to query snapshots of the data for any particular
month and perform join operations across tables (Table 3.1).

Versioning HR data helps to analyze trends over time. We can compare data from
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Figure 3.1: Some of the Panalyt Integrations from Different Data Sources

Table 3.1: Employee table

empID versionId department salary jobT itle ...
0001 30/09/2022 Technology $6,000 Data Engineer
0001 31/10/2022 Technology $6,000 Data Engineer
0001 30/11/2022 Technology $6,000 Data Engineer
0001 31/12/2022 Technology $7,000 Sr Data Engineer
0001 31/01/2023 Technology $7,000 Sr Data Engineer
0002 31/08/2022 Marketing $4000 UI Designer
0002 30/09/2022 Marketing $4,5000 UI Designer
0002 31/10/2023 Marketing $4,5000 UI Designer
...
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different months to identify patterns, changes and trends in your HR data. For ex-
ample, we may notice that attrition rates are increasing over time, or that certain
departments have higher attrition rates than others.

We then make a query on a partial subgraph to visualize a defined category of the
population. We generally prefer to aggregate the data by month as we realized that
this granularity is large enough to deduce trends, and small enough to notice significant
changes quickly in the scale that companies operate in.

3.5 Panalyt Analytic Tools

In this section, we will be presenting some of the main analytic tools Panalyt has to
offer and that we have built over the past few years.

3.5.1 Recruitment Analytic Tool

Recruiting the right talent is crucial for the success of organizations. However, many
organizations struggle to track their recruitment progress and identify areas for im-
provement. This is where the recruitment Analytic Tool of Panalyt can help. It
provides a comprehensive view of an organization’s recruitment funnel, allowing to
track key metrics and identifying areas of improvement.

Tracking Recruitment Metrics

The recruitment Analytic Tool of Panalyt (Figure 3.2) allows to track a variety of
recruitment metrics, such as the number of candidates at each stage of the recruitment
funnel, the time to fill positions and the cost per hire. By tracking these metrics,
organizations can identify bottlenecks in their recruitment process and take steps to
improve recruitment outcomes.

For instance, if many candidates drop out of the recruitment process at the screening
stage, the organization may need to revisit its screening criteria to ensure that it is
attracting the right candidates. Alternatively, if the time to fill positions is longer
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Figure 3.2: Recruitment Analytic Tool

than industry benchmarks, the organization may need to streamline its recruitment
process or invest in additional recruiting resources.

Analyzing Diversity in Recruitment

In addition to tracking recruitment metrics, the recruitment platform of Panalyt al-
lows for analyzing diversity in recruitment. This is important because a diverse work-
force has been shown to improve organizational performance and innovation.

Panalyt’s recruitment platform allows to track diversity metrics, including the percent-
age of female candidates at each stage of the recruitment funnel and the percentage of
candidates from different ethnic and racial backgrounds. By tracking these metrics,
organizations can identify areas where their recruitment process may be unintention-
ally biased and take steps to improve diversity in their organization.

For example, if the percentage of female candidates drops off significantly after the
initial application stage, the organization may need to revisit its job postings to ensure
that they are inclusive and appealing to a diverse candidate pool. Alternatively, if the
percentage of candidates from certain ethnic or racial backgrounds is low, the organi-
zation may need to broaden its recruiting sources to reach a more diverse candidate
pool.
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3.5.2 Attrition Analytic Tool

Employee turnover, or attrition, is a major concern for organizations. High levels of
attrition can be costly and disruptive, leading to decreased productivity, increased
recruiting costs and reduced employee morale. The attrition platform of Panalyt
provides a comprehensive view of an organization’s attrition rates and allows to track
key metrics to identify areas of improvement.

Tracking Attrition Metrics

The attrition platform of Panalyt (Figure 3.3) allows to track a variety of attrition
metrics, such as the number of employees leaving the organization, the reasons for
their departure and the cost of attrition. By tracking these metrics, organizations can
identify patterns in attrition rates and take steps to address underlying issues.

For instance, if a particular department or team has a consistently high attrition rate,
the organization may need to investigate further to understand the underlying reasons.
It may be that employees in that department or team are dissatisfied with their work
or lack opportunities for career growth. Alternatively, it may be that the organization
is not effectively communicating its values and goals to employees, leading to a lack
of engagement.

Analyzing Reasons for Attrition

In addition to tracking attrition metrics, the attrition platform of Panalyt allows for
analyzing attrition costs. This is important because attrition can be costly for orga-
nizations, both in terms of direct costs such as recruiting and training new employees,
and indirect costs such as decreased productivity and reduced morale.

The attrition platform of Panalyt allows to track attrition costs by department, team
and individual employee. By analyzing these costs, organizations can identify areas
where attrition is driving up costs and take steps to address underlying issues.

For example, if a particular department is experiencing high attrition costs, the or-
ganization may need to investigate further to understand the reasons for attrition
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Figure 3.3: Attrition Analytic Tool

and take steps to improve retention. This may involve improving management prac-
tices, offering additional training and development opportunities, or providing greater
opportunities for employee engagement.

3.5.3 Overtime Analytic Tool

Tracking employee overtime can be a challenge for organizations, as it can be diffi-
cult to identify employees who are consistently working longer hours and the reasons
behind the overtime. This is where the overtime platform of Panalyt can help. It pro-
vides a comprehensive view of an organization’s employees’ overtime hours, allowing
to track key metrics and identifying areas of improvement.

Tracking Overtime Metrics

Panalyt’s overtime platform of Panalyt (Figure 3.4) allows to track a variety of over-
time metrics, such as the number of employees working overtime, the total number
of overtime hours worked and the reasons of such overtime. By tracking these met-
rics, patterns in overtime hours can be identified and steps can be taken to address
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Figure 3.4: Overtime Analytic Tool

underlying issues.

For example, if certain teams or departments are consistently working longer hours,
further investigation can be done to understand the underlying reasons. It may be
that employees in those teams or departments are overloaded with work or lack the
necessary resources to complete their tasks within regular working hours. Alterna-
tively, it may be that those teams or departments are experiencing higher levels of
absenteeism or turnover, which is causing other employees to work longer hours.

Analyzing Overtime Costs

In addition to tracking overtime metrics, the overtime platform of Panalyt allows for
analyzing overtime costs. This is important because excessive overtime can be costly
for organizations, both in terms of direct overtime pay and indirect costs such as
decreased productivity and increased burnout.

The overtime platform of Panalyt allows to track overtime costs by employee, team
and department. By analyzing these costs, areas where overtime is driving up costs
can be identified and steps can be taken to address underlying issues.
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For example, if a particular team is consistently incurring high overtime costs, further
investigation can be done to understand the reasons for the overtime and take steps
to reduce it. This may involve hiring additional staff, redistributing workloads, or
improving processes to increase efficiency.

3.5.4 Evaluation Analytic Tool

Employee performance is essential for driving an organization’s success. Monitor-
ing and analyzing employee performance enables organizations to identify areas for
improvement, allocate resources effectively, and ensure employees are engaged and
productive. Panalyt’s performance analytic tool offers a comprehensive view of an or-
ganization’s performance metrics, helping to identify trends and drive better decision-
making.

Monitoring Performance Metrics

Panalyt’s performance platform enables organizations to monitor a wide range of
performance metrics, such as individual and team performance, performance by de-
partment, goal completion rates and employee engagement. By tracking these metrics,
organizations can identify trends and patterns in performance and take targeted steps
to improve employee performance.

For example, if a specific department or team is consistently underperforming, the
organization can investigate the underlying reasons. It may be due to inadequate
resources, lack of training, or poor management practices. Identifying the root cause
allows the organization to implement targeted interventions, such as providing addi-
tional training, reallocating resources or adjusting management strategies.

While most companies don’t segment performance data by a demographic basis due to
the complexity of the analysis, looking at the distribution of evaluation grades across
groups, for example men vs women, might help uncover that a certain population
has a performance distribution curve disadvantageous to the average baseline or more
privileged demographic groups (Figure 3.5).

In addition to monitoring performance metrics, the performance platform of Pana-
lyt enables organizations to analyze employee engagement. High levels of employee
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Figure 3.5: Evaluation Analytic Tool

engagement are linked to increased productivity, better job satisfaction and lower at-
trition rates. By tracking engagement levels, organizations can identify areas where
employee engagement is lacking and implement strategies to improve it.

Analyzing Performance Costs

Understanding the costs associated with employee performance is crucial for organi-
zations to make informed decisions about resource allocation and improvement initia-
tives. The performance platform of Panalyt allows organizations to track performance-
related costs, such as the cost of training, employee development programs and per-
formance incentives.

By analyzing performance costs at the department, team, and individual employee
levels, organizations can identify areas where resources may be allocated inefficiently
or where additional investment is required to drive better performance. This infor-
mation allows organizations to make data-driven decisions about resource allocation,
ensuring they are investing in the most effective strategies for improving employee
performance and engagement.
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For instance, if a particular department has high performance costs but is not de-
livering the expected results, the organization can investigate the reasons for the
discrepancy and take targeted actions to improve performance. This may involve ad-
justing training programs, reallocating resources, or modifying performance incentives
to better align with organizational goals.

3.5.5 Median Base Analytic Tool

Understanding the median base salary across the organization is essential for evalu-
ating and maintaining competitive compensation practices. The median base salary
provides a useful benchmark for comparing employee compensation within the orga-
nization and against industry standards. Panalyt’s median base analytic tool offers a
comprehensive view of the organization’s median base salary data, enabling effective
monitoring and informed decision-making.

Monitoring Median Base Metrics

The median base platform of Panalyt enables organizations to track median base
salary metrics across various dimensions, such as departments, teams, job levels,
and employee demographics. By monitoring these metrics, organizations can iden-
tify trends, ensure equitable compensation practices, and make informed decisions
about their compensation strategy.

For example, if a specific department or job level consistently has a lower median
base salary compared to the rest of the organization or industry benchmarks (Figure
3.6), the organization can investigate the underlying reasons. It may be that the
compensation strategy is not aligned with market trends or that the organization’s pay
structure is not effectively rewarding employees in those roles. Identifying these issues
allows the organization to adjust its compensation strategy to remain competitive and
ensure employee satisfaction.

In addition to monitoring median base salary metrics, the median base platform of
Panalyt allows organizations to track the impact of their compensation strategy on
key performance indicators, such as employee retention, performance and engagement.
By correlating median base salary data with these indicators, organizations can gain
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Figure 3.6: Median Base Analytic Tool

valuable insights into the effectiveness of their compensation practices in motivating
and retaining employees.

Analyzing Median Base Trends

Understanding trends in median base salary data can help organizations make in-
formed decisions about their compensation strategy and ensure that it remains com-
petitive and equitable. The median base platform of Panalyt enables organizations
to analyze trends in median base salary metrics over time and across different dimen-
sions, such as departments, teams, job levels, and employee demographics.

By analyzing these trends, organizations can identify areas where median base salaries
may be lagging behind market rates or where pay disparities may exist within the orga-
nization. This information allows organizations to make data-driven decisions about
their compensation strategy, ensuring that they are investing in the most effective
practices for attracting and retaining top talents and promoting pay equity.

For instance, if an organization identifies a trend of decreasing median base salaries in
a particular department or job level, it can investigate the reasons for this change and
take targeted actions to address the issue. This may involve adjusting salary ranges,
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modifying compensation policies or implementing pay equity initiatives to ensure that
all employees are compensated fairly and competitively.

3.5.6 PBS Analytic Tool

Managing a company’s human capital is a crucial aspect of ensuring long-term success.
However, tracking and managing an organization’s workforce can be a daunting task.
This is where the People Balance Sheet (PBS) platform of Panalyt can help. It
provides a comprehensive view of an organization’s human capital, allowing to track
key metrics and identifying areas of improvement.

Tracking Human Capital Metrics

Panalyt’s PBS platform allows to track a variety of human capital metrics, such as
headcount, employee turnover, employee demographics and employee costs (Figure
3.7). By tracking these metrics, organizations can gain insights into their workforce
and identify areas of improvement.

For instance, if a particular department has high employee turnover, the organization
may need to investigate further to understand the underlying reasons. It may be
that employees in that department lack the necessary resources or support to perform
their jobs effectively. Alternatively, it may be that the department is not effectively
communicating its values and goals to employees, leading to a lack of engagement.

Analyzing Workforce Demographics

In addition to tracking human capital metrics, the PBS platform of Panalyt allows
to analyze workforce demographics. This is important because it provides a compre-
hensive view of an organization’s workforce diversity and allows to identify areas for
improvement.

The PBS platform of Panalyt allows to analyze workforce demographics by gender,
age, ethnicity and other factors. By analyzing these demographics, organizations can
identify areas where their workforce may be lacking in diversity and take steps to
improve diversity and inclusion.
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Figure 3.7: People Balance Sheet Analytic Tool

For example, if the organization’s workforce is predominantly male, the organization
may need to revisit its recruitment and retention strategies to ensure that they are
attracting and retaining female talents. Alternatively, if the organization’s workforce
lacks diversity in terms of ethnicity, the organization may need to broaden its recruit-
ing sources to reach a more diverse candidate pool.

3.5.7 ONA Analytic Tool

Understanding the collaborations and connections between employees is a crucial as-
pect of managing an organization. Organizational Network Analysis (ONA) provides
insights about how employees interact and collaborate, allowing organizations to iden-
tify areas of improvement and optimize their workforce. The ONA platform of Panalyt
provides a comprehensive view of an organization’s network and allows to track key
metrics to identify areas of improvement.

In our application, we use d3.js [] for our network data visualizations. The library
takes in source-target pairs to create nodes and the edges between them. In addition
to that, we can also add other attributes like colour to each node based on features
like tenure, organization, function, etc.
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Figure 3.8: ONA Analytic Tool

Tracking ONA Metrics

The ONA platform of Panalyt allows to track a variety of ONA metrics, such as the
strength of connections between employees, the size of an employee’s network, and
the centrality of an employee within a network. By tracking these metrics, organi-
zations can gain insights into how their employees collaborate and identify areas of
improvement (Figure 3.8).

For instance, if a particular department or team has a low network density, the or-
ganization may need to investigate further to understand the underlying reasons. It
may be that employees in that department or team lack opportunities to collaborate
effectively, leading to siloed information and decreased productivity. Alternatively, it
may be that the organization needs to implement more cross-functional projects to
encourage collaboration across different departments.

Analyzing Network Structure

In addition to tracking ONA metrics, the ONA platform of Panalyt allows to analyze
network structure. By analyzing network structure, organizations can identify areas
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where employees may benefit from increased connections and take steps to improve
collaboration.

For example, if a particular employee has a low degree centrality score, the organiza-
tion may need to encourage that employee to collaborate more with his/her colleagues
or provide such employee with additional training on collaboration and communica-
tion skills. Alternatively, if a particular department or team has low network density,
the organization may need to implement team-building exercises or cross-functional
projects to encourage collaboration.

3.6 When ONA Meets People Data

3.6.1 ONA Metrics

Regarding communication data, the main fields that we retrieve are:

• messageId: unique identifier of the message;
• sendingFrom: sender’s email;
• sendingTo: receiver’s email;
• sentDatetime: time when the message was sent;
• threadId: thread/conversation the message belongs to; and
• channelId: channel where the message has been sent - only for chat tools.

We process the data to get one line per sender and receiver pair for each month. We
then compute various aggregated metrics, from person 1 to person 2 and person 2 to
person 1, including, but not limited to:

• count of messages sent: the volume of messages sent by either or both corre-
spondents.

• average response time: the time taken for a correspondent to reply to the other
correspondent.

• response rate: the percentage of messages received by either correspondent that
they replied to.

• the reciprocity: the ratio of the volume of communication between a correspon-
dent and another.
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• average time first/last message sent: the average time when a correspondent
sends his first/last message to another person.

• average time first/last message received: the average time when a correspondent
receives his first/last message from another person - emails only.

• channels in common (chat tools only): the number of channels or groups where
both correspondents are active (i.e. have both sent more than X number of
messages during that month).

We then create a graph based on the analysis. This could be a direct graph, where
arrows point from the sender to the recipient, or an undirected graph. Although some
authors propose to use the number of e-mails sent by a node i to a node j divided by
the total number of e-mails sent by member i [MPK16], and others suggest to use the
geometric mean of sent-received counts, [Cho+15], there is no unique way to generate
the attributes to connect people in an ONA graph. It really depends on the use case.

At Panalyt, we have created a score - which we can’t disclose - that includes the
information of some of the metrics defined above, especially the count of messages
sent, the average response time, the response rate, and the reciprocity.

R(t1, t2)((↵1,M1), (↵2,M2), ..., (↵n,Mn)) (3.6.1)

Where M1,M2, ...Mn are measures of the communication network (deduced from em-
ployees’ logs), ↵1,↵2, ...↵n are weights of importance of these measures, and t1, t2 are
two timestamps where t1 < t2 that define the time range of the communications.

Ideally, M1,M2, ...Mn should come from a discussion between managers and data
experts.

To take a concrete example, let’s consider communications in an organisation. A good
collaboration could be defined as having:

• a high reactivity (M1).

• a high volume of exchange (M2).

• a balanced communication (M3).

• no communication outside working hours (M4).
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Additionally, the organisation could decide that it considers that ↵1 and ↵3 are twice
as important as ↵2 and ↵4.

In general, our recommendation is to define a metric based on the use case. For
example, if we want to highlight employees and managers who have an asymmetric
collaboration, we should query the pairs of employees where the number of direct
messages sent one way is at least X times greater than the other way.

We can deduce important information about an organization using its communication
data. However, on its own the network data can be imposing and unwieldy. It is
when we add attributes about the employees (e.g. their department, age, grade, etc.)
and make queries on a partial subgraph that we can get a deeper and more precise
understanding of the organization.

3.6.2 Use Cases

In this section, we will look at a few use cases on how ONA data can be used with
people data to deduce meaningful insights for an organization.

We will be using an anoymized Slack communication dataset from one of our client,
an Australian company with 845 internal users, between August 2022 to December
2022.

Inter-Team Collaboration

Many companies are divided into multiple teams that often work together. Communi-
cation within the teams as well as across teams is very important for good and timely
results. It is difficult to ascertain the quality of communication between two teams
except through the use of surveys or interviews with managers. Not only can they be
difficult to arrange, it is not feasible to have every member of the team take a survey
and companies often have to defer to managers for their perspective on the communi-
cation level between teams. Even if managers are unbiased in their responses, surveys
can be prone to human errors of judgement as we will see later in a case-study. A
faster, more accurate and reproducible way to judge communication health between
two teams is through the use of their ONA data.
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Figure 3.9: Collaboration between Two Teams
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Figure 3.10: Inter-Team Collaboration with Manager Layer

In Figure 3.9, we look at ONA data for the Finance and Technology teams (by applying
the A-B filters to those teams only) and we see that while there is an abundance of
connections within each team, the flow of communication between the two teams is
limited to only 5 channels, i.e, there are 5 pairs of employees that are responsible for
the communication between the two teams. This can be crucial information for the
organization.

If the two teams are supposed to be mostly independent of each other, then this
communication model will work fine. However, in a technology company, where the
product is the technology itself, the communication between the two teams is rather
slim. It would make sense to open up more channels of communication to prevent a
backlog of information. Moreover, if we use the layering function to add a layer for
managers(yellow), we uncover more detail on the health of communication between
the two teams.
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We see in Figure 3.10 that even among the five channels, only one of them is between
managers. This means that there are only two decision makers between the two teams
that are connected. This can be an additional concern.

Better Onboarding of New Employees

Many companies spend a lot of resources on getting the best talents. The cost of hiring
does not end with a signed contract, rather it continues for the next few months with
companies spending money and months on onboarding the new hires. At this stage, it
is important to make sure that the new hires are sufficiently connected to their team
members to have a smooth onboarding process.

They need people to teach them the team’s business practices and the tools they use.
In addition, they also need to be able to get along with their teammates and get to
know their working styles.

Managers can make use of ONA data to pinpoint new hires that might not be getting
an adequate onboarding experience or who seem to be left out. They can do that by
looking at their communication within the team and see if they are connected to their
manager and team members.

As an example, we can use A-B filters to restrict clients 2’s data to the Finance team
and use layering to pinpoint the employees with less than six months of tenure. The
resultant graph is displayed in Figure 3.11. We can see that among the five new hires
for the Finance team, three seem to be adequately integrated. They have multiple
connections/collaborations with team members.

However, we also see two new hires that are only in communication with one other
team mate. This can be worth looking into as these two hires might not be getting
adequate resources to transition into their roles and this can prolong the time required
to get them fully on board.

In cases where new employees are replacing existing team members, HR managers
can utilize Relational Analytics to strategically build the new joiners’ networks. By
connecting them with the same individuals their predecessors were connected to, the
transition process can be streamlined, ensuring a smooth handover and integration
into the existing team dynamic. This approach not only fosters a sense of belonging for
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Figure 3.11: New Hires Communications

new employees but also helps maintain continuity and preserve valuable connections
within the organization.

Gender Diversity in Teams

Companies strive for an inclusive work culture where employees from various genders
and demographics are not only represented but also included readily in conversations.
There benefits in having diversity in workplace such as plurality of ideas owing to
diverse experiences and the likelier retention of employees. But they also note that
there can be significant communication gaps between the different groups.

We see that companies already spend time and effort on streamlining their hiring
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Figure 3.12: Gender Diversity

practices to make them more inclusive. For instance, there has been a sustained
effort, spanning many decades, to include more women in the workplace, especially in
the higher positions and male-dominated sectors like technology and finance.

In this use case, we focused on looking at the gender diversity in the Technology
department. From our Panalyt dashboard, we can see that for a particular department
the female headcount has been steadily rising by more than 13% per year to reach
21.5% of women from January 2020 to November 2022 (Figure 3.12). However, when
we look at the communication graph (Figure 3.13) for the same department, we found
that many females (in red) cluster together, and there are entire subsections of the
graph where there are no collaborations with females - like in the bottom right, with
just male employees communicating with each other.

Gaps like this in communication between demographics can impede the company from
fully reaping the benefits of diversity. Our clients also benefit from similar use cases by
studying how populations with different attributes (ages, tenure, etc.) work together.

3.6.3 Disengagement

People disengaging from their organization often exhibit a pattern of isolation. Re-
lational Analytics can quickly reveal if an employee is losing connections over time
and with whom 3.14). This information is valuable in determining whether an em-
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Figure 3.13: Network Graph Layered by Gender

ployee is becoming disengaged and disconnected from his/her team, department, or
the organization as a whole.

Figure 3.14: Example of an Employee Disengaging

Furthermore, Relational Analytics can provide insights into an employee’s overall
engagement levels by comparing the number of his/her connections with his/her peers
within the same department, location, or other groupings. This comparison allows
organizations to assess whether an employee has a generally low engagement level or if
he/she is experiencing a decline in interactions, potentially signaling disengagement.
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By identifying employees with declining connections or consistently low engagement
levels, organizations can take proactive steps to address the issue, such as providing
additional support, offering opportunities for professional development, or opening
lines of communication to address concerns. In turn, these actions can help improve
employee engagement, strengthen workplace collaborations, and contribute to a pos-
itive work environment that fosters productivity and growth.

3.6.4 Effective Onboarding

Relational Analytics can also be used to improve inclusion for new joiners. In Figure
3.15, we highlighted in orange people who joined the company for less than 6 months
to find isolated new joiners. The company can then develop strategies to intervene
and connect people by arranging 1 on 1s or group projects for example, and have a
better onboarding.

Figure 3.15: Organizational Graph Used to Highlight New Joiners and their Connec-
tions

HR managers can help new joiners replacing an existing employee by building their
networks strategically and by connecting them to the same people the employee they
are replacing was connected to.
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3.6.5 Sales Effectiveness

Relational Analytics can be utilized for both internal analysis within a company and
external analysis involving collaborations between sales or customer success teams and
their clients. This multifaceted approach allows organizations to optimize not only
employee engagement but also client interactions, which can impact overall business
success.

One key aspect of external Relational Analytics is analyzing responsiveness over time,
such as the speed at which clients and sales executives reply to each other. Respon-
siveness is often correlated with the likelihood of closing a deal, and long periods
without communication can signal potential issues.

In Figure 3.16, the chart displays the responsiveness and percentage of non-response
over time for the sales team, as broken down by clients. The table on the right
presents the same information, focusing on the latest month and further segmented
by individual sales team members.

Figure 3.16: Client Responsiveness

Relational Analytics can also support the onboarding of new sales personnel. As
they take over collaborations from previous team members, it is possible to examine
the history of the predecessor’s responsiveness, providing insights into typical client
expectations. This information enables organizations to assess how well the new
salesperson is managing both inherited and newly established collaborations.

By leveraging Relational Analytics for both internal and external collaboration man-
agement, organizations can make data-driven decisions that foster employee engage-
ment, optimize client interactions, and ultimately drive business success.
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3.6.6 Conclusion

As collaboration platforms such as Slack, Teams and others become prominent and
are increasingly used in virtual teams, organizations can now better understand what
drives group or organizational performance.

This is confirmed by Keith G. Provan when he says: "only by examining the whole
network can we understand such issues as how networks evolve, how they are governed,
and, ultimately, how collective outcomes might be generated." [PFS07]
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Chapter 4

Case Studies of Panalyt Clients

4.1 introduction

Chapter 4 of this thesis delves into a comprehensive examination of three distinct case
studies involving Panalyt clients. Each case study provides a unique lens through
which we analyze and address pertinent issues in the realm of human resources and
organizational effectiveness. These case studies demonstrate practical applications of
Panalyt’s innovative solutions in real-world scenarios. In this chapter, we will explore
how Panalyt’s data-driven approach has been employed to understand employee at-
trition patterns, enhance managerial effectiveness, and tackle complex HR challenges,
such as post-merger integration and HR data quality. Through these case studies,
we aim to showcase the transformative power of data analytics and technology in
addressing critical HR and organizational challenges.

4.2 Understanding Employee Attrition Using Com-
munication Behavior Analysis

The following case study allowed us to win the third place of the 2023 Wharton People
Analytics White Paper Competition [23g].
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The Wharton People Analytics Conference is one of the most well-known and re-
spected conferences in the field of People Analytics. It is organized by the Wharton
School of the University of Pennsylvania and brings together leading experts, re-
searchers and practitioners in the field.

4.2.1 Introduction

One of the most common ways for organizations to measure their employees’ engage-
ment is through surveys. However, the rise of digitalization and remote working,
accelerated by the COVID-19 crisis, has created an environment where millions of
users from thousands of organizations now use tools like Slack or Microsoft Teams for
their daily communication. This offers new ways to measure employee engagement
and preempt employee attrition.

In this case study, we aimed to leverage all this untapped information and get mean-
ingful insights about employee engagement. We explored Slack channel data from
two of Panalyt’s clients and tried to deduce conclusions about employee engagement,
especially for those who left the organization, in the last 15 months before they quit.

4.2.2 Data Collection and Processing

The population under study is from two Japanese tech companies. Dataset A is
composed of the Slack communication data of 479 employees, from January 1st 2019
to March 31st 2022, including 50 employees who quit during that period. Dataset
B is composed of the Slack communication data of 587 employees from January 1st
2020 to October 31st 2022, including 94 employees who quit during that period.

The datasets include public and private channels, but do not include any direct mes-
sages. We do not include direct messages as the companies’ respective Slack subscrip-
tion does not allow access to direct messages for extraction due to privacy reasons.
For the purpose of this study, we look at three populations:

1. Leavers:
These are employees who have a valid termination date in the time frame we
are studying. In addition, we only choose leavers that have a minimum tenure
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of 12 months i.e., they stayed employed for at least 12 months before their
termination. This is to make sure that the employees have had enough time to
get used to the company’s business and practices and that we have enough data
points to see their behavior change over time.

2. The entire population:
The total population, including the leavers we have defined above. This popu-
lation helps to identify each company’s wide communication trends over time.

3. The active population:
The total population, excluding the leavers we have defined above. This popu-
lation serves as a benchmark to compare leavers versus active employees.

4.2.3 Description of the Communication Data

The data is obtained directly from Slack in the form of a series of files for each channel.
Each file has the channel name as its filename and contains a series of text files for
every day of communication in the channel. Each of these text files contains a list of
messages sent where each message has the following fields:

• type: to indicate that the record is a message.

• user: an alphanumeric ID of the employee that sent the message.

• text: the content of the message.

• ts: UNIX timestamp for when the message was sent.

• channelID: the ID of the channel where the message has been posted.

As explained earlier, we do not include any text analysis on the message content.
Thus, all content is redacted from the data before using it. For this purpose, we
created an anonymizer application that reads in each file and iteratively removes any
content from it. This includes the body of the message, as well as any links, URLs or
descriptions included within. The application then exports the redacted files which
we concatenate together and transform into a single database table using a Python
script.
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With the data imported, we begin our analysis on the outcome. We define the fol-
lowing groups of metrics:

1. Volume of messages sent:
The metric we measure here is the total number of unique messages sent by an
employee in a month. This is the most basic way of measuring communication
volume with more connected employees tending to have more messages sent.

2. Working hours:
This group of metrics measures the timing of communication. In particular we
capture 3 metrics:

(a) When employees are starting their communication. This is the time they
send their first message of the day.

(b) When employees are ending their communication. This is the time they
send their last message of the day.

(c) The range of communication. This is the total span of their communication
and is the difference in hours and minutes of the previous two metrics.

This set of metrics is another angle to look at engagement levels among employ-
ees. We wanted to observe if communication spans changed as employees neared
termination with our intuition suggesting that they would shrink for employees
on the way out.

3. Channels Activity:
The metric we measure here is how many channels is the employee actively a
part of. An employee being active in a channel means that they sent at least
5 messages in it in the same month. This threshold is set to avoid situations
where an employee sends a one-off message in a channel without the intention
of actively contributing to it. This metric is a good measure for diversity of
communication and how involved the employee is in separate communication
groups.

4. Number of collaborations:
The metric we measure here is how many frequent collaborators does the em-
ployee have. This is essentially a measure of the communication sphere of an
employee. We define two employees being active collaborators if they are both
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active in at least one channel, i.e. if they both have sent at least 5 messages in
the same channel.

Each of the above-mentioned metric is calculated in two different ways. Firstly,
we calculate the metric for the leavers for each month in the past 15 months
leading to their termination. Secondly, we calculate a benchmark as follows: we
take the calculated metric for each terminated employee and subtract the same
metric calculated for the active population in that particular month. This helps
us observe each metric for leavers against the active population at that point in
time.

4.2.4 Descriptive Analysis

Volume of Messages Sent

We start by studying the volume of messages sent, which we calculate by looking at
the average count of messages sent by month for each employee.

In Figure 4.1a, we focus only on the terminated employee and especially the last 15
months before they quit. We see that the average messages sent increases slightly
for both companies. For Company A, it increases from 550 messages sent 15 months
before their eventual termination to 625 messages sent 5 months before their eventual
termination. Similarly for Company B, it increases from 85 messages sent 15 months
before termination to 95 messages sent 6 months before termination. At this point,
the average number of messages sent constantly decreases at a sharp rate as they get
closer to their termination date. This indicates a gradual disengagement from 5 to 6
months before employees quit.

When benchmarked against the active population (Figure 4.1b), we see that the
leavers sent a higher number of messages from 15 to 5 months before their even-
tual termination compared to their counterparts. However, similar to the previous
graph, the average number of messages benchmarked against the active population
starts rising at 8 months before termination, reaching a peak at 5 months before
termination.

At this point the leavers have sent an average of around 160 messages more than
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(a) Average count of messages sent by leavers for each month before their eventual
termination date.

(b) Average count of messages sent by leavers for each month before their eventual
termination date benchmarked against average messages sent by the active popu-
lation for that month.

Figure 4.1: Analysis of Volume of Messages Sent
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the company average in Company A and 20 more in Company B. After this point
we see a sharp decreasing trend, similar to the previous figure, and the average for
leavers dips below the average for the active population eventually decreasing to 200
lesser messages for Company A and 50 lesser messages for Company B at the time of
termination.

What we understand from this graph is that, on average, leavers tend to be more
active than the active population and the gap widens until it reaches its peak 5
months before their termination. There is a similar inflection point in Figure 4.1a
and Figure 4.1b that could indicate a pattern of overworking individuals.

Working Hours

In the followings graphs, we study the range of communication times for messages
sent in the active population and for messages sent by leavers.

The average total communication (Figure 4.2a) for leavers starts increases steadily
from 15 months before termination to around 5 months before the termination date.
The average total communication then shows a decreasing trend for the last 5 months,
having a small spike around 2-3 months before termination. The average total com-
munication falls to the lowest value towards the end of their employment. This is 6
hours 30 minutes hours for Company A and 3 hours 45 minutes for Company B.

We can observe that on average, before employees quit, they start communicating
more until they reach a point around 5 months before termination where the trend
starts to reverse.

In Figure 4.2b, we observe that leavers are communicating lesser overall 15 months
before their termination. Both these averages increase compared to the benchmark,
reaching highs in the window of 5-7 months before termination. The highest average
positive gap in total communication between leavers and the active population is 5
months before termination and is about 40 minutes. The highest positive difference
in last message sent is 7 months before termination with leavers on average sending
their last message 15 minutes later than the active population average. Both these
averages then decrease to fall below the active population average. Leavers were on
average communicating an hour lesser than the active population average.
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(a) Average total hours of communication for each terminated employee for each
month leading up to their eventual termination date.

(b) Average total hours of communication for terminated employee benchmarked
against the averages for the active population for that month for each month leading
up to their eventual termination date.

Figure 4.2: Analysis of Communication Times
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We find again a pattern of employees overworking compared to the average employee,
especially 5 to 10 months before their termination.

4.2.5 Channels Activity

Here we study the number of channels in which employees are active.

The average count of active channels per leaver (Figure 4.3a) starts from around 10
for Company A and 9.5 for Company B, increasing to till 7 months before termination
where it stabilizes at around 10 for Company A and 5 for Company B. It then starts a
downward trend through the rest of the time period reaching the lowest count at the
time of termination. The average count of channels increases to under 7 for Company
A and under 3 for Company B.

The average count of channels actively used by leavers benchmarked against the active
population average (Figure 4.3b) starts at 0.5-1 more channels 15 months before
termination and starts widening slightly until 5 months before termination. At this
point the gap begins shrinking rapidly and eventually we see leavers being involved in
lesser channels. At the time of termination, the leavers are involved in 1.5 channels
lesser than the active population.

Employees being active in more channels indicates that not only are they communicat-
ing more but there are also likely to be involved in more projects for the organization.
This suggests again that employees who quit tend to overwork, or are over tasked
compared to the rest of the company, and this is apparent a few months before they
leave.

4.2.6 Number of Collaborations

In this last section, we analyze the average number of collaborations for the employees
in the organization.

The average count of close collaborators for each leaver (Figure 4.4a) shows an in-
creasing trend until 5 months before termination. From there the average goes on a
rapidly decreasing trend reaching the lowers count at the time of termination.
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(a) Average count of active channels used by leavers for each month leading up to
their eventual termination date.

(b) Average count of active channels used by leavers benchmarked against the av-
erage for the active population for that month for each month leading up to their
eventual termination date.

Figure 4.3: Analysis of Active Channels
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(a) Average count of active collaborators for each terminated employee for each
month leading up to their eventual termination date.

(b) Average count of active collaborators for each terminated employee benchmarked
against the average for the active population for that month for each month leading
up to their eventual termination date.

Figure 4.4: Analysis of Collaborations
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For leavers, the average count of collaborators benchmarked against the active popu-
lation starts with a positive difference of 5 for Company A and 3 for Company B 15
months before termination (Figure 4.4b). It increases to 10 for Company A and 4 for
Company B at 5 months before termination. For the remaining months the number
of collaborators decreases rapidly and each terminated employee is involved in active
conversation with 20 lesser collaborators for Company A and 6 lesser collaborators
for Company B. We see again an inflection point at 4 months before the termination
date.

4.2.7 Conclusion of the Analysis

The analysis of the four metrics - volume of messages sent, working hours, channels
activity and collaboration - all show that there is a clear trend between 5 to 6 months
before the termination and the termination date.

The average trend is monotonic in most cases (volume of messages sent, channels
activity and collaboration). In the last 5 to 6 months, on average, employees send
less messages (monotonic downward trend), see their communication range reducing,
are active in less channels (monotonic downward trend), and communicate with less
people (monotonic downward trend). What we notice is that people disengaging from
their organization tend to have a pattern of isolation in their last months before they
leave.

A second observation is that we can see an inflection point for all metrics. The
inflection point is 5 months before termination for volume of messages sent, working
hours and collaboration, and 7 months before termination for channels activity. This
suggests that those employees tend to disengage after a high peak of activity, and this
might be part of the reason why they want to leave.

Finally, when compared to the active population, we see that employees about to quit
tend to be on average more active and engaged in more channels. This could indicate
that those employees are hard workers and/or are involved in more projects for the
company. This insight along with the behavior mentioned in the earlier paragraphs
might be a pattern of gradual overwork for employees about to quit, followed by a
strong reduction of engagement in the company.
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To conclude, this study is helpful to deduce very insightful conclusions with a limited
amount of metrics.

Especially as a business leader, these insights can help prevent or reduce attrition by
making sure employees are not being overworked either with too many collaborators
and projects or that they are not working too many extra hours.

4.3 Improving Manager Effectiveness and Innovation

Our second case study has been done with Panasonic Operational Excellence Co.,
Ltd., that partnered with Panalyt in March 2022 and applied ONA to identify orga-
nizational issues that could not be discovered through conventional methods such as
surveys.

The detailed case-study is accessible online [Pan]. Following a merger and a group re-
structuring, the client’s goal was to further strengthen collaboration between different
departments that used to historically work independently.

Initially, the team had introduced a pulse survey to understand and improve the
collaboration between employees with a relatively short tenure and their managers,
as well as their motivation.

They quickly found that pulse surveys alone were not effective in identifying from
where the communication issues were coming from, presumably because the survey
answers are subjective and that bias could not be completely eliminated.
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Figure 4.5: Surveys vs ONA

Some of their initial assumptions were that "an employee with low motivation in a
pulse survey may not be able to interact with other employees and may be isolated."
and that "employees who interact with many other employees have high motivation."

After analyzing their ONA data with Panalyt, they observed that some employees
were "isolated but maintain high motivation", or had "low motivation despite being
in the center of the organization and interacting with many other employees including
those from other departments". The initial assumptions were therefore proven to be
false.

Another assumption was that the higher the collaboration between an employee and
his manager, the more likely the employee would meet the expectations relating to
his/her role and responsibilities.

However, the client realized that managers were only able to have a grasp on their
relationships with their direct reports; but they were unaware of the work their team
members were doing in collaboration with members from other departments - making
it impossible to notice signs of collaboration overload that can lead to burnout unless
the employees speak out themselves (Figure 4.5).
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This was especially true at the time of the imposed working from home period during
the COVID-19 pandemic.

4.4 Identifiying the Root Cause of Employee Turnover
and Improving Post-Merger Integration

4.4.1 Introduction

CAPLAN Corporation [CAPLAN] started as a recruitment agency, an affiliated
company of ITOCHU Corporation in the year 1982, and has been expanding its
services in human resource-related businesses since. The company is now part of the
Pasona Group, providing education and training, as well as HR tech services.

CAPLAN faced a major hurdle in identifying the reasons for employee turnover - HR
had no visibility into people data collected across the employee lifecycle, as a result
of which significant people decisions were being made solely based on intuition.

Within a month of implementation, CAPLAN Corporation was able to identify that a
major cause of turnover was the lack of employee transfers/cross-pollination of talent
between merged/acquired companies, as a result of which the diversity of employee
experience and skills were significantly affected, along with silos forming across the
merged entity.

In this case study, Hirama Yoshikazu-sama, General Manager of the Talent Man-
agement Division shares how CAPLAN leverages Panalyt’s solutions to embed data-
driven HR decision making at the heart of its talent processes.

He says that leveraging Panalyt’s solutions to analyze the company’s HR data has
allowed it to discover the real talent issues affecting the organization, and has allowed
the employees to validate hypotheses made on intuition and suggest data-driven ap-
proaches to improve talent management.
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4.4.2 Problem 1: A Lack of Visibility into HR Data

CAPLAN is a company that has experienced mergers, acquisitions, and business trans-
fers in the past. CAPLAN believes that its strength lies in the diversity of its em-
ployees’ ways of thinking, the culture they have experienced, and the differences in
their careers and the skills associated with them. However, as CAPLAN operated as
a group of merged entities, it was of utmost importance to get a holistic view into the
employee journey across the group.

CAPLAN faced a pressing issue of a lack of visibility into HR-related problems, as a
result of which significant people decisions were being made solely on intuition without
being backed by data.

Companies that have been using talent management tools such as SAP’s Success
Factors for a long time are beginning to seek People Analytics as to the next level.

Some of CAPLAN’s customers are also advanced in their efforts to embrace People
Analytics not just as a means to identify individual problems but identify and ad-
dress wider organizational issues. As a result, CAPLAN was on the lookout for a
People Analytics tool to give a bird’s eye view into the organization’s talent across
the employee journey from hire to fire.

CAPLAN tried HR core systems and BI tools to find the real right issues to focus
on at a macro level in the organization. This was because all the preexisting tools
were focused on the individual talent with a bug’s eye view and were not designed to
provide a bird’s eye view into the organization’s employee management system.

They had a strong feeling that it would be impossible to determine the exact issues
faced by CAPLAN without taking a bird’s eye view of the wider organizational HR
management system rather than looking at each employee individually

4.4.3 Problem 2: HR Data Quality and Cleanliness

As a company that supports the implementation of HR tech services, CAPLAN is
more aware of the difficulties of implementing and utilizing HR data than anyone
else.
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AND IMPROVING POST-MERGER INTEGRATION

Even as a mid-sized organization, CAPLAN had to deal with the classic issue of HR
data not being neat and tidy. When CAPLAN’s HR team first saw 20,000 CSV data
files not in order, their initial reaction was that it felt like it would take a year just
to manually clean up the HR data.

Hirama Yoshikazu-sama mentionned that the first step that companies often take
when trying to implement and utilize HR data was to hire a data scientist, have the
HR department learn statistics, or hire and train a specialist and they take a detour.
Also, in most cases, HR data is not in order, and even if they can hire and train data
experts, the cost and effort of data cleansing is enormous.

4.4.4 Solution

Panalyt integrates and analyzes people data scattered across disparate HR, Produc-
tivity, Finance and Digital Communication systems and files to provide actionable
and holistic people insights to the C-suite, HR/HRBPs and Line Managers through
its suite of pre-built analytic tools covering commonly requested insights across the
end-to-end employee lifecycle.

The deciding factors for CAPLAN to choose Panalyt as their trusted People Analytics
partner were the accuracy and speed of the data cleansing process, comprehensive
Japanese compatibility despite being a foreign product, along with the ability to start
uncovering insights within a week of starting implementation.

As a result, people data and insights are delivered to users without any omissions,
and Panalyt’s overwhelmingly easy-to-use interface allows people managers to validate
their own hypotheses about issues affecting the wider organization.

4.4.5 Insights Uncovered with Panalyt

Hirama Yoshikazu-sama’s feedback is that Panalyt has helped them clarify and align
on the wider organizational issues that need to be addressed for improving CAPLAN’s
people strategy and processes. By taking into account the analysis of people (the entire
organization) instead of the analysis of talent (individual), they were able to gain a
multi-dimensional understanding of their talent issues and allow their HR team and
people managers at CAPLAN to provide suggestions and solutions at an early stage.
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At the beginning of the implementation, only static data such as employee attributes
were connected, but the trend of attributes of employees who were leaving the com-
pany discovered was very different from CAPLAN’s former hypotheses.

CAPLAN further discovered that there were almost no personnel transfers between
the merged companies, as a result of which the diversity of employee experience and
skills was not being fully exploited.

The next step is to implement measures to improve the issues that have been clarified.
In the future, CAPLAN would like to further evolve the PDCA cycle (Planning, Doing,
Checking, and Acting) for organizational improvement from issue discovery to solution
implementation by adding insights from more dynamic sources of people data, such
as analyzing communications and collaboration patterns using Panalyt’s Relational
Analytics (Organizational Network Analysis) capabilities.

4.5 Conclusion

In summary, this chapter has provided an in-depth exploration of three case studies
featuring Panalyt clients, demonstrating the practical application of data-driven HR
solutions.

We started by examining how communication behavior analysis sheds light on em-
ployee attrition, showcasing Panalyt’s ability to uncover hidden insights within or-
ganizational communication data. We then witnessed the tangible improvements in
managerial effectiveness and innovation driven by Panalyt’s interventions. Finally,
we addressed the intricate challenges of post-merger integration and HR data quality,
illustrating Panalyt’s capacity to bring clarity and transformative change to complex
scenarios.

These case studies underscore the vital role technology and data analytics play in ad-
dressing HR and organizational challenges, emphasizing Panalyt’s success in driving
positive change and enhanced organizational performance. In an era where data-
driven decision-making is paramount, these use-cases highlight the potential for inno-
vation and improvement through advanced HR analytics solutions.
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Chapter 5

Attrition Prediction

5.1 Introduction

In this chapter, we will present the attrition model we built at Panalyt.

Employee attrition is a reality that catches the attention of every business, no matter
what it does. One of the most effective ways to tackle this issue is to build a predictive
model - based on the wide variety of HR data available - to identify employees who
are showing an intention to leave voluntarily.

These models can vary in how they are built and operate but essentially follow the
same principle - take a sample of employees that have already quit the company and
use their data to build a model to highlight with an adequate advance who is likely
to leave the company in the near future.

By identifying the employees at risk and by understanding why employees choose to
end their employment with the company, the latter can make improvements to reduce
existing attrition problems.

To date, attrition prediction research based on HR data typically focuses on construct-
ing classification models that are trained using only one observation per employee over
a limited period of time (Fig. 5.1), and do not consider its variation over time, dis-
carding employees who have left earlier [Aji16].
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Figure 5.1: Method Using One Observation per Employee

Historical records that change over time like the employee salary or the grade are
transformed into non-time-series ones by applying statistical operations like the sum,
the average or looking at the latest values. Such approaches result in information loss
and therefore less effective predictions.

In this chapter, we introduce a dynamic method for generating training data from
employee records and we use it to predict who is at risk of leaving the company
within the next 6 months. By categorizing the employees in different ‘buckets of risk’
from low risk to high risk, our goal is to identify employees with high attrition risk to
prevent them from leaving.

A few studies have considered different approaches for attrition prediction. However,
to the best of our knowledge, none of them applies our framework to solve the employee
attrition prediction problem.

The obtained model for the prediction of employee’s attrition is tested on an anonymized
dataset on a real company provided by Panalyt Pte. Ltd. [23a], which includes HR
information from 1650 terminated employees.
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5.2 Method

We define Employees at risk as a discrete variable as follows. Records where the value
number of months before the termination date is smaller than 6 are labelled as 1 (at
risk), and records where the value number of months before the termination date is
greater than 6 are labelled as 0 (not at risk).

Employees at risk =

8
<

:
1 if # months before the termination date <= 6

0 if # months before the termination date > 6

One of the issues with the above labelling is that employees with a long tenure in the
company can have many times more records compared to others.

Another issue is that it usually takes at least a few months to see a noticeable change
in the employee records, which makes the records very redundant and the dataset
imbalanced.

Thus, we use a sampling method to tackle those issues and we will compare the
performance of the model using our sampling method and using only one observation
per employee.

For the records labelled as 0 (not at risk) and for each employee, we keep up to 4
equidistant records between the earliest record and T-6, with a minimum distance of
3 months between the records. For the records labelled as 1 (at risk), we keep up to
3 records : 2, 4, and 6 months before the termination date (T � 2, T � 4 and T � 6).

We need to keep different records for the model to be able to capture any change at
different stages of the employees’ employment in the company.

Figure 5.2 helps us to visualize how the sampling works. The black dots represent the
observations labelled as at risk, and the white dots represent the observation when
the employees are not at risk.

Regarding the model, Ajit et al. [Aji16] shows that to predict attrition, the XGBoost
classifier performs better compared to Logistic Regression, Random Forest, KNN and
others.

91



CHAPTER 5. ATTRITION PREDICTION

Figure 5.2: Method Using Multiple Observations per Employee

XGBoost is capable of handling the noise and the null values of the dataset as com-
pared to the other classifiers, overcoming important challenges [Kak+20]. In light of
these reasons, we trained our model using XGboost.

5.3 Experiments

5.3.1 Dataset

For our experiment, we use an anonymized dataset provided by Panalyt[23a]. The
dataset contains monthly records of 1,650 permanent employees, from their start date
to their termination date. As the probation period is too unpredictable (many people
leave during their onboarding because there is simply no good fit), we decide to exclude
the first 3 records of each employee.

For the first dataset (named D1), we implement the method described by Ali et al.
[GA14], which entails utilizing multiple training observations per customer with a
consistent time interval of 1 month (Multiple Period Training Data). The result-
ing dataset contains data from 1650 employees that have already left the company,
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with a total of 56,464 monthly records from 4 months after their start date to their
termination date.

The reduced dataset (named D2) contains 8755 records, from which 4948 are labelled
‘at risk’ and 3807 ‘not at risk’. 3338 out of 8755 records contains missing values,
which is very common in HR dataset, and XGBoost is particularly convenient as it
can handle missing values.

For the purpose of our study, the dataset is reduced to 15 attributes:

• employee id : unique identifier of the employee

• effective date: date of the record

• start date: date on which the employee started

• termination date: date on which the employee left

• tenure: time since the employee joined the organization

• month of starting date: month when the employee joined

• month of the observation: month of the record

• salary : current salary of the employee

• time since last salary : number of months since no salary increase

• grade: current grade of the employee

• time since last grade: number of months since no grade increase

• median salary : median salary of the employee’s team

• gender : gender of the employee

• age: age of the employee

• months before the termination date: number of months between the effective
date and the termination date
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The features number of months since no salary increase and number of months since
no grade increase are created using the historical records.

To train the model, we exclude the variables employee id, effective date, start date,
termination date and months before the termination date. The training dataset con-
tains variables that we separate in 3 types:

• Traits, or variables that never change: gender, month of starting date
• States, or variables that can change overtime: age, tenure, salary, etc.
• Lags: time since last salary, time since last grade

States and lags are particularly useful to organizations as it can tell them what to
do to keep an employee at risk of leaving. For instance, if a manager knows that an
employee is at risk of leaving mainly because he/she hasn’t been promoted for a long
time, the manager can take action.

5.3.2 Results

We apply a 10-fold cross-validation to provide a robust estimate of the performance of
our model (Table 5.1). To avoid any data leakage, we make sure that different records
from the same employee are not used in the training datasets and the testing datasets.
Apart from the accuracy, all the other metrics are higher for the reduced dataset (D2).
With a recall of 0.2, the model trained on D1 fails to identify the employees at risk
compared to the model trained on D2.

Table 5.1: Model Results

Dataset Accuracy (std) Precision (std) Recall (std) AUC (std)
D1 0.83 (0.00) 0.64 (0.03) 0.20 (0.03) 0.59 (0.1)
D2 0.72 (0.01) 0.74 (0.01) 0.79 (0.02) 0.71 (0.1)

If we pay attention to the model trained on D2 and the distribution of the proba-
bilities (Fig. 5.3), we see that the model’s predictions seem very accurate when the
probabilities are smaller than 0.20 and greater than 0.80.

When we take a closer look at the proportion of correct predictions for different
probabilities (Fig. 5.4), we see that the higher the probability, the more confident the
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Figure 5.3: Distribution of the Predictions by Class

model is that an employee is at risk of attrition - it reaches 96.2% of accuracy when
the probabilities are greater than 0.9. On the other hand, the lower the probability,
the more confident the model is that an employee is not at risk.

The model is less accurate when the probabilities are between 0.4 and 0.6, which
makes sense.

We propose to have different ‘buckets of risk’ depending on the probabilities: very low
Risk ([0,0.2)), low risk ([0.2,0.4)), intermediate risk ([0.4,0.6)), high risk ([0.6,0.8)) and
very high risk ([0.8,1]). Using this classification can help organizations to highlight
where to focus their attention.

Another question that we asked ourselves is how does the model perform for the
records at T-2, T-4 and T-6? This time, we trained the model on 80% of the dataset
and we kept track of which record were at T-6, at T-4, and at T-2 to see the distri-
bution of the probabilities returned for these records (Fig. 5.5).

With an average score of 0.64 at T-6, 0.68 at T-4 and 0.72 at T-2, we notice that as
expected, the closest we are to the termination date, the more confident the model is
that the employee is at risk of leaving.
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Figure 5.4: Performance of the Model for Different Probability Buckets

Figure 5.5: Performance of the Model at T-6, at T-4, and T-2
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5.4 Explainability

Following our prior results, the main request that we had from clients was to present
the drivers of attrition for a population, which belongs to the realm of explainability.

To solve that problem we used a well-known library called SHAP (SHapley Additive
exPlanations) [LL21]. SHAP is a popular and powerful open-source framework in
Python for interpreting and explaining the output of machine learning models. It is
based on the concept of Shapley values, which is a game theory technique used to
fairly distribute the contributions of different features to a prediction.

Using this library, we are able to identify the top driving factors of any population at
risk of leaving the company (Figure 5.6).

Figure 5.6: Top 3 Drivers for a Population of Employees at Risk of Leaving

5.5 Attrition Analytic Tool

Following this study, we built an analytic tool at Panalyt to help business leaders
identify the populations at risk of leaving.

We measure attrition risk by analyzing various demographic-based data points - more
than those used in the prior study - such as age, gender, tenure, who’s the manager,
how many managers the employee had in the past year, the manager’s attrition rate,
etc., in conjunction with Organizational Network Analysis on how connected employ-
ees are with the organization, their manager and their teams, allowing us to predict
how likely someone is to leave the organization over the next six months and why.
This model is fine-tuned for each client’s historical employee data.

This allows us to predict the attrition risk, the likelihood of an employee leaving in the
next 6 months, and then visualize this information, both as a risk % and headcount
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Figure 5.7: Attrition Risk Analytic Tool

at risk, across multiple dimensions (Figure 5.7)) such as by organization, department,
tenure groups, etc.

Attrition risk, as we define it at Panalyt, can also be seen as a proxy for engagement
risk/ loss of engagement over the next six months.

A deeper analysis of an organization’s attrition risk data allows it to see employee
attrition risk profile by team.

Once the organization has identified the level of risk, it can then drill down to what
are the key drivers of the risk and identify leading indicators of the risk of people
leaving. In most organizations we work with, there is usually a dominant driver
related to specific organizational issues around diversity, compensation/lack of change
in compensation, particular managers, etc.

HR teams can then interpret these drivers in the context of their organization to
improve their understanding of possible risk factors for each employee/group of em-
ployees and then come up with a practical approach to mitigating risk based on their
knowledge of what’s possible to implement. For example, coming up with initiatives
to give top performers more facetime with senior leadership or designing an innovation
program that lets people take time to do their own projects.
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It is important to not confuse drivers with recommendations. For example, if the %
of women in a team is a major risk driver, it may or may not be possible to move
employees around, change the team structure, or hire externally to improve the % of
women or team depending on your organizational context. Similarly, if compensation
is a major risk driver, you cannot realistically do much if someone is at the top of
their compensation and the compensation hasn’t changed in the past 12 months.

The ability to predict the attrition risk for each employee, along with a playbook
for using this data in an ethical manner, can help empower HR departments and
managers to change from a reactive mindset to a proactive approach for preventing
key talent from leaving the company.

5.6 Conclusion

In this section, we proposed an effective approach that takes advantage of the longi-
tudinal nature of the data to solve the employee attrition prediction problem. Our
sampling method reduced the dataset and we demonstrated that the model performs
significantly better after sampling.

We also showed that on average, the risk score gets higher and higher during the last
6 months before an employee leaves.

We then used the probabilities returned by the model, and we proposed a bucketization
method to highlight different risk profiles for different employees.

We also explained our solution to provide the main drivers of population at risk of
quitting using the SHAP library.

Finally, we showcased Panalyt’s attrition analytic tool that was built based on this
research.

Further research would allow us to explore other methods of sampling, looking at the
impact of training the data with more or less records.

Another research could be to study more deeply the probabilities returned by the
model and if, for each employee, a trend could be identified.
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Conclusions

This thesis has provided a comprehensive analysis of People Analytics and Orga-
nizational Network Analytics, their benefits, and practical applications in medium
to large-sized organizations. Our research has demonstrated the potential of these
tools in driving improved employee engagement, increased productivity, and better
decision-making processes.

By developing a practical platform and user-friendly analytic tools, we aim to make
these concepts more accessible to organizations and contribute to their successful
implementation in the workplace.

We had a particular focus on attrition, and studied how communication metadata were
good predictors for attrition. Later we developed an attrition prediction models, with
a perticular sampling method taking into account the historical information about
employees.

Furthermore, we have addressed the challenges and ethical concerns associated with
analyzing sensitive employee data. Our research highlights the importance of respon-
sible data usage, ensuring that employees’ privacy and security are protected at all
times. As the field of People Analytics and Organizational Network Analytics contin-
ues to evolve, it is critical to maintain a focus on ethical considerations to foster trust
and credibility among stakeholders.
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Moreover, the practical client case studies based on real data provided further valida-
tion for the proposed methods, emphasizing their real-world applicability and impact.

Finally, this thesis has contributed to the field by introducing a dynamic method for
generating training data from employee records and developing attrition prediction
models. This innovation will enable organizations to proactively address potential
employee turnover and mitigate its negative consequences.
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Furthermore

The field of People Analytics and Organizational Network Analytics continues to
evolve rapidly, with new advances and opportunities emerging at a staggering pace.
This research opens the door for additional exploration and development in the field
of People Analytics and Organizational Network Analytics.

Future studies may delve deeper into the integration of artificial intelligence and ma-
chine learning techniques to improve predictive models and provide more tailored
recommendations for organizations. This could lead to more accurate and efficient
decision-making processes and further enhance the value of these tools in organiza-
tional settings.

Additionally, researchers could investigate the applicability of these analytics tools
in various industries and organizational structures, uncovering new insights and best
practices for diverse contexts.

The potential for cross-disciplinary research also exists, as the principles of People
Analytics and Organizational Network Analytics could be applied to other domains
such as education, healthcare, and public administration. This would broaden the
understanding of human interactions and collaborative networks in different settings,
ultimately contributing to more effective, data-driven decision-making across a wide
range of fields.

By continuing to expand upon the findings of this thesis, the future of People Analytics
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and Organizational Network Analytics holds immense promise for unlocking the true
potential of human capital and fostering a culture of continuous improvement and
innovation.
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