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Abstract

People Analytics has transformed the way the human resources of an organization are
utilized and managed. The fast-changing field of technology has also contributed to the
advancement of the people analytics evolution. The pace of adoption and application of
people analytics across organizations has, however, not matched the initial expectations.
Though the reasons for this slow adoption have been discussed on some platforms, there
have not been many comprehensive analyses of the same. The factors are intricate and the
interrelationships, complex. In this paper, Interpretive Structural Modelling (ISM), a
qualitative technique has been applied to gain clarity on the prioritization and categoriza-
tion of factors and also define their interrelationships. The categorization of factors as
driving factors, dependent factors and linking factors can help organizations design
effective strategies for smoother adoption and implementation of people analytics. This
can result in improved performance of organizations not only in terms of people manage-
ment but also in enhancing business performance.

Keywords: People Analytics, HR Analytics, Factors, Interpretive Structural Modelling,
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Introduction

People Analytics has immense potential functions, to contribute strategically to
to transform and radically change people organizations’ growth and performance
management in organizations (Bersin et (Lavastorm, 2013). It has been almost a
al.,, 2016). Early adopters, including decade since people analytics gained
Google, believed that it is a ground-break- recognition as a powerful tool to improve
ing tool and that people management in business performance.

organizations worldwide would be revolu-

tionized. They believed and argued that While some organizations have made
people analytics is that magic wand that great strides and have actually managed
can resolve many people management to transform their people management
issues and make life easier for HR system with the application of people
people. It was also widely believed that analytics for predicting and improving
people analytics will put HR at the strate- performance, there are still around 60%
gic table along with other organizational of them worldwide who haven’t taken
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that important step yet (Bersin, 2018).
Although these organizations acknowl-
edge the importance of People Analytics,
there seems to be a hesitation to initiate
the process at an early stage. What are
the factors that have been affecting
adoption of People Analytics in organiza-
tions? What determines the application
or non-application of People Analytics?
This paper is an attempt to understand
these factors, the factors that have been
impacting organizations’ adoption of
people analytics.

People Analytics
Talent has never been more critical to
business performance. Organizations

acknowledging their people as non-repli-
cable resources, undertake various initia-
tives to attract, engage and retain their
talent. In multiple surveys of business
leaders, organizations felt that they need
more talent-related insights to make
better business decisions (Bersin, 2017).
Historically, HR function has been
known to base decisions on the intuition
and gut feeling of its members. While
they would have been right on most
occasions, they lacked precision, objectivi-
ty and logical proof (Vulpen, 2016).

People Analytics, whether it is called
Talent Analytics or HR Analytics or
Workforce Analytics, is not merely an
analysis of data. Analytics employs
technology to collect data from multiple
platforms in various forms; filters it, and
then applies statistical tools to the
pertinent data. It throws light on organi-
zational processes for better evaluation
and 1improved business performance
(McKinsey Report, 2017). People analyt-
ics helps unearth the real reasons behind
current people-related issues and also
predicts glitches that may arise in the
future (TCS Whitepaper, 2017). It also
provides insights on the organizational
performance from the HR perspective.
This would help in redesigning the HR
systems and processes for improved
performance. In other words, HR Analyt-
ics correlates business data and people
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data and eventually provides vital
insights (CIPD, 2019). The HR manag-
ers, equipped with these insights, get to
visualize the future in greater detail and
also get to design more effective strate-
gies. This would conclusively put HR in a
position of strength where it can add
immense value to the business processes
of an organization (Bersin, 2016).

More and more organizations are trying
to embrace People Analytics as a strate-
gic tool for enhancing organizational
performance. Data of all kinds and forms
is in abundance with organizations; the
problem is to differentiate between what
1s important and what is not. Also impor-
tant is the uniqueness and reliability of
the data (Davenport, Harris & Shapiro,
2010). Transforming this data into valua-
ble information by employing the right
metrics is the next logical step as organi-
zations look to gain meaningful insights.
This can help, not only resolving existing
problems, but also in enhancing business
performance.

Literature review

David Green (2019) as a part of his study,
listed out six factors for the willingness to
adopt people analytics. The six factors
are Capability, Confidence, Culture,
Mindset, Training and Organizational
structure. According to a McKinsey
report (2016), only 20-30% companies in
the manufacturing sector progressed to
capture value from data and analytics.
Scepticism of organizational leadership
was one of the two reasons for this. Anoth-
er path-defining report by McKinsey
(2017) emphasises the importance of
reliable data and the essential support of
IT departments. It also talks about the
need for functional (HR) experts who
have analytics proficiency. As per the
report, leadership has to take the lead
and make a commitment to analytics. It
talks about the importance of a data-driv-
en culture too. Vendor’s value proposition
impacts the HR outlook and decision
making (Tursunbayeva, De Lauro &



Pagliari, 2018). Organizations have
started taking necessary actions to
address the problems of data quality and
integration (Bersin, Josh 2017).

Objectives

The application of analytics for Human
Resources Management in organizations
has been gaining ground over the last
decade. There are some common factors
that impact or influence the adoption of
people analytics in organizations. These
factors are quite complex in terms of
their level of impact and their interrela-
tions. There are no comprehensive
models / systems explaining the factors
and their interdependencies. The
objectives of this study are:

* To develop a comprehensive model that
helps identify the different factors that
impact the adoption of people analytics

* To categorize these factors as driving
factors, dependent factors, autonomous
factors and linking factors

* To sequence and prioritize the factors
and to understand their importance and
the strength of their contribution

Scope & methodology

Factors that majorly impact the adoption
of people analytics have been identified
based on the literature review. Inputs
were also taken from HR heads and
people analytics experts of Indian organi-
zations in finalizing the ten factors. Inter-
pretive Structural Modelling (ISM) has
then been applied to establish their
impact on people analytics adoption and
define their complex interrelationship.
The expert inputs have been taken from
HR heads and analytics experts from
Indian organizations. 14 companies from
Hyderabad, India that have been using
people analytics for at least the last 3
years were chosen. The HR heads of
these companies were interviewed on the
process of people analytics and their
adaptation to understand their challeng-
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es. The factors that aided them in rolling
out and implementing people analytics
were also captured. Inputs were also
sought from 20 people analytics experts
from various companies like Aon, Concen-
trix, TCS, Tech Mahindra, Eaton, BCG
and Cargill. The analytics experts shared
their ideas in an online group chat,
contributing richly to the information
gathered already. The final model, post
ISM was shared with the HR heads for
their approval. Slight modifications were
made to the model based on their
feedback.

Interpretive Structural Modelling
Identification of Factors/Variables

Based on literature review and inputs
from the HR experts, the following factors
have been identified as those impacting
the adoption/application of People Analyt-
ics:

1. Leadership’s perspective (Davenport,
Harris & Shapiro, 2010)

2. Return on Investment assurance (Lawl-
er ITI, Levenson & Boudreau, 2004)

3. Technological ease and compatibility
(Vyas, 2017)

4. Data security (Agarwal, Bersin, Lahiri
& Others, 2018)

5. HR attitude and outlook (Lawler III,
Levenson & Boudreau, 2004)

6. In-house people analytics expertise
(Bassi & Bassi, 2018)

7. Vendor’s value proposition (Tursun-
bayeva, De Lauro & Pagliari, 2018)

8. Data reliability (Davenport, Harris &
Shapiro, 2010)

9. IT collaboration (Bassi & Bassi, 2018)
10. Data-driven culture (Green, 2019)
With the 10 factors identified, the SSIM
(Structural Self-Interaction Matrix) is
designed (Khan & Haleem, 2015). This
matrix describes the inter-relationship
between pairs of different factors or varia-
bles.

SSIM (Structural Self-Interaction
Matrix)

The different factors are tabled and coded
in the following manner, based on the



interpretation of relationship between
two factors. The relationship is defined
based on literature review and expert
opinion.

i1leadstoj: V

jleads toi: A

1 & j lead to each other (mutual): O
1 & j are unrelated: X

1, j vary from1to10 and represent the ten
factors. Based on the experts’ opinion on
how the factors are interrelated, and the
literature review, the different cells are
marked V, A, O & X. Table 1 represents

the SSIM.
TABLE 1. STRUCTURAL SELF'-IN TERACTION MATRIX
1 2 3 4 5 ] 6 7 8 9 10
1 A A A A A A A A A
2 A X A% A A A A A
3 X A% A A X A A
4 \% A A X A \'%
_ 5 A A A A (0)
I 6 X \Y% o O
7 v A (0)
8 o O
9 o
10
Initial Reachability Matrix
TABLE 2. INITIAL REACHABILITY MATRIX
1 2 3 4 5 : 6 7 8 9
1 1 0 0 0 0 0 0 0 0
2 1 1 0 0 1 0 0 0 0
3 1 1 1 0 1 0 0 0 0
4 1 0 0 1 1 0 0 0 0
] 5 1 0 0 0 1 0 0 0 0
I 6 1 1 1 1 1 1 0 1 1

44




7 1 1 1 1 1 0 1 1 0 1
8 1 1 0 0 1 0 0 1 1 1
9 1 1 1 1 1 1 1 1 1 1
10 1 1 1 0 1 1 1 1 1 1

Once the SSIM is complete, the Initial
Reachability matrix is designed by
populating the cells with either 0 or 1.
These binary values are assigned to
describe the relationship between each
pair of variables as shown below.

If (1,j) in SSIM is V, then (i,j) =1 and (j,1)
=0 in the initial reachability matrix

If (1,) in SSIM is A, then (i,j) =0 and (j,1)
=1 in the initial reachability matrix

If (1,j) in SSIM is O, then (1,j) =1 and (j,1)
=1 in the initial reachability matrix

If (1,j) in SSIM is X, then (i,j) =0 and (j,1)
=0 in the initial reachability matrix

Once the Initial Reachability Matrix is
ready, the next step is to provide for the
principle of transitivity and design the
final reachability matrix. The principle of
transitivity simply states that if A leads
to B and B leads to C, then, A leads to C.
Wherever transitivity is established, 0
changes to 1 and it is marked with an
asterisk sign (*). Based on the final reach-
ability matrix, the reachability and the
antecedent factors are identified for each
factor. Reachability set for a factor is the
set of factors that lead to it and the
antecedent set is the set of factors that
this factor contributes to. In the next step,
level partitioning is done for all the
factors.

TABLE 3. FINAL REACHABILITY MATRIX
(INCORPORATING TRANSITIVITY)

1 2 3 4 5 6 7 8 9 10
1 1 0 0 0 0 0 0 0 0 0
2 1 1 0 0 1 0 0 0 0 1*
3 1 1 1 0 1 0 0 0 0 1*
4 1 0 0 1 1 0 0 0 0 1
) 5 1 0 0 0 1 0 0 0 0 1
I 6 1 1 1 1 1 1 0 1 1 1
7 1 1 1 1 1 0 1 1 0 1
8 1 1 0 0 1 0 0 1 1 1
9 1 1 1 1 1 1 1 1 1 1
10 1 1 1 1* 1 1 1 1 1 1
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Level Partitioning

The reachability set and the antecedent
set are identified for each factor/variable
and are placed in a table as shown in
Table 4. The variables or factors, for
which the reachability and the intersec-
tion sets overlap, are placed and closed at
that level. In this case, the first factor,
‘leadership perspective’ has the same
reachability and intersection sets and is
therefore in Level 1 (Table 4).

For Level 2, the process is repeated after
removing the first level variables. In this
case, ‘leadership perspective’ is removed
and the process is repeated. Factors
numbered 5 and 10 (HR attitude and
outlook and data-driven culture respec-
tively) are placed at Level 2 (Table 5).
Thus, each of the variables is placed into
different levels till the process is complete
and all the levels are partitioned as
shown from Table 4-9. The levels indicate
the level of significance and impact of
each factor on the adoption of people
analytics.

TABLE 4. LEVEL 1 OF LEVEL PARTITIONING

Variable | Reachability Set Antecedent Set Intersection Set Level
1 1 1-10 1 I
2 1,2,5,10 2,3,6-10 2,10
3 1,2,3,5,10 3,6,7,9,10 3,10
4 1,4,5,10 4,6,7,9,10 4,10
5 1,5,10 2-10 5
6 1-6, 8-10 6,9,10 6,9,10
7 1-5,7,8,10 7,9,10 7,10
8 1,2,5,8-10 6-10 8,9,10
9 1-10 6,8,9,10 6,8,9,10
10 1-10 2-10 9-10
TABLE 5. LEVEL 2 OF LEVEL PARTITIONING
Variable | Reachability Set Antecedent Set Intersection Set Level
2 2,5,10 2,3,6-10 2,10
3 2,3,5,10 3,6,7,9,10 3,10
4 4,5,10 4,6,7,9,10 4,10
5 5,10 2-10 5,10 II
6 2-6, 8-10 6,9,10 6,9,10
7 2-5,7,8,10 7,10 7,10
8 2,5,8-10 6-10 8,9,10
9 2-10 6,8,9,10 6,8,9,10
10 2-10 2-10 2-10 I




TABLE 6. LEVEL 3 OF LEVEL PARTITIONING

Variable | Reachability Set Antecedent Set Intersection Set Level
2 2 2,3,6-9 2 11
3 2,3 3,6,7,9 3
4 4 4,6,7,9 4 I
6 2-4,6, 8-9 6,9 6,9
7 2-4,7,8 7 7
8 2,89 6-9 8,9
9 2-4,6-9 6,8,9 6,8,9
TABLE 7. LEVEL 4 OF LEVEL PARTITIONING
Variable | Reachability Set Antecedent Set Intersection Set Level
3 3 3,6,7,9 3 v
6 3,6,8,9 6,9 6,9
7 3,7,8 7 7
8 8.9 6-9 8,9 v
9 3,6-9 6,89, 6,8,9
TABLE 8. LEVEL 5 OF LEVEL PARTITIONING
Variable | Reachability Set Antecedent Set Intersection Set Level
6 6,9 6,9 6,9 v
7 7 7 7 v
9 6,7,9 6,9 6,9
TABLE 9 LEVEL 6 OF LEVEL PARTITIONING
Variable | Reachability Set Antecedent Set Intersection Set Level
9 9 9 9 VI




The Digraph @

FIGURE 1. THE DIGRAPH

The digraph is a pictorial representation
of the interrelationships among the differ-
ent factors and the sequence of impact of
the factors on the adoption of people
analytics. It is the basis for the Interpre-
tive Structural Modelling (ISM). The
digraph, as shown in Figure 1 is based on
the level partition wherein the factors are
placed in multiple levels to make a logical
step-wise structure.

The factors or variables that are in
Level 1(Table 4) appear at the top and
those that are in Level 6 (Table 9)
appear at the bottom. So, the digraph
has 6 steps/levels effectively. The
interrelationships among the factors
are defined wusing arrows, both
single-pointed and double-pointed,
depending on their relationships.
These arrow markings are decided
based on the final reachability matrix.

Interpretive Structural Model [ 1. Leadership’s Perspective ]

[ S. HR Department Attitude & Outlook ]:_—:[

10. Data-driven Culture ]

[ 2. Return on Investment Assurance

[ 3. Technological Ease & Compatibility ] —[ 8. Data Reliability ]

7. Vendor’s Value
Proposition

6. In-house Analytics
Expertise

4. Data Security ]_

—

[ 9. 1T Collaboration

]
J

l

FIGURE 2. INTERPRETIVE STRUCTURAL MODEL
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The ISM or Interpretive Structural Model
is designed based on the digraph. The
numbers in the digraph are replaced by
the factual actors and the interpretive
structural model is constructed as shown
in Figure 2. Logically, the model aligns
almost perfectly with the inputs provided
by the HR heads and the analytics
experts. For example, HR outlook and
data-driven culture impact each other and
influence the leadership’s perspective.
The interrelationships among the various
factors, as defined by the ISM, are not only
apparent but also approved by the
experts.

The presence of in-house expertise
impacts technical-ease and also the return
on investment according to the model.
Logically too, the availability of in-house
expertise can help in the choice of technolo-
gy for ease of implementation and for
better financial benefits. The structure is
thus quite extensive and helps establish
the prioritization and sequencing of the
factors. This structure gives a clear under-
standing of how each factor leads to anoth-
er and how it is influenced by the other
factors.

TABLE 10. THE CONICAL MATRIX
]
1 5 10 |2 4 3 8 6 7 9 Driving
Power
1 1 0 0 0 0 0 0 0 0 0 1
5 1 1 1 0 0 0 0 0 0 0 3
10 1 1 1 1 1 1 1 1 1 1 10
2 1 1 1 1 0 0 0 0 0 0 4
4 1 1 1 0 1 0 0 0 0 0 4
3 1 1 1 1 0 1 0 0 0 0 5
8 1 1 1 1 0 0 1 0 0 1 6
6 1 1 1 1 1 1 1 1 0 1 9
7 1 1 1 1 1 1 0 1 1 0 8
9 1 1 1 1 1 1 1 1 1 1 10
Dependence | 10 | 9 9 7 5 5 4 4 3 4 60

The conical matrix (Table 10) is based on
the level partitioning exercise done
earlier. The driving power and the depend-
ence for each variable are calculated
based on the final reachability matrix.
These dependences and driving powers
help us understand the role of each factor
in the entire analysis. They also help
define the coordinates for each variable in
the MICMAC analysis.
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MICMAC Analysis

a
§'_ Driving Measures ? 10O
§- 6 Linking Measures
<Q (]
3 7
R ®
8
Qo
3
4
20
° 5
Autonomous Measures Dependent Measures

v

Dependence

FIGURE 3. MICMAC ANALYSIS

MICMAC Analysis is based on the coordi-
nate values (1, j) of each factor in the
conical matrix. With dependence on
X-axis and driving power on Y-axis, the
factors are plotted as shown in Figure 3.
As per the graph, the different factors can
be categorised as dependent measures,
autonomous measures, linking measures
and driving measures.

Driving Measures are the ones that have
relatively more impact or influence on the
other factors. The following are driving
measures and play a very significant
driving role.

. Data Reliability

. In-house Expertise
. IT Collaboration

. Vendor Assurance
. Technical Ease

The linking measure is the data-driven
culture. Logically, all the other factors are
influenced by ‘data-driven culture’ and
also drive the culture of the organization.
It is at the core of people analytics
adoption.

Dependent Measures are the ones that are
driven by the driving measures. They are
* Leadership Perspective of People Analyt-
ics

* HR Attitude and Outlook

* Rol (Return on Investment) Assurance

+ Data Security

Conclusion

Interpretive Structural Modelling (ISM)
has been applied to establish the relation-
ship among the different factors impact-
ing the adoption of people analytics and



also the level of impact of each of the
factors. The interrelationships, including
the direction of influence are clearly
explained by the ISM. The ISM and the
MICMAC analysis together help simplify
the complex network of interrelationship
among the different factors. This can
provide better clarity to organizations and
help them prioritize their strategies for
smoother adoption of people analytics.
This can also be extended to improve the
effectiveness of people analytics in an
organization as it provides inputs on
issues that may be stunting the progress
or impacting the performance of people
analytics.

Future Scope

With some minor adaptive modifications,
the model is universally relevant and
applicable as most of the HR heads and
analytics experts considered for the study
are from MNCs with operations across the
globe. The study can be conducted for
specific sectors for improved focus and
specific understanding of adoption factors
of people analytics. Consulting firms and
vendors can also apply the knowledge
from similar studies to offer better custom-
1zed solutions to client companies.
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