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ABSTRACT

In light of unpredictable business sectors and uplifted financial vulnerability, firms have put
expanded focus on individual, group and company performance. For sure, one could consider the
HR analytical capability to foresee performance in future as the sacred goal of HR professionals.
The capability to understand, foresee, distinguish and impact undeniable degrees of individual or
group performance can be considered basic to improving performance of the company and driving

employee’s strategy.

Performance Management Systems in firms has advanced throughout the most recent time from an
independent performance evaluation process to a more coordinated arrangement of measures and
cycles, including client input, marketing projections, group efficiency and 360-degree criticism, to
give some examples. The pattern has likewise been to move duty regarding performance
management away from the HR work towards line supervisors. Though, this move has offered line
supervisors the chance to assume greater liability for the performance and development of their
group members, it has presented more prominent variety in the individual employee’s experience,
hence setting more noteworthy focus on the strength of the performance appraisal framework and
the attitude and competence of line supervisors to view their obligations towards their team

members in a serious way.

The drawback of this decentralized cycle is that it is frequently hard to get one single perspective on
the performance, all things considered, and people across the firm and across the entirety of the
pointers of performance evaluation. In reality, how do senior pioneers realize who is doing
admirably across these, what they are doing well, and where would it be advisable for them to
contribute their, regularly restricted, learning and improvement investments to guarantee the best

return? How would we utilize this data to have the greatest effect to the main concern?
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Chapter 1
INTRODUCTION

HR analytics assists businesses in discovering any existing gaps in employee performance and
works to help them address those gaps, utilizing the information that data-analytics offers. With
better information comes better ability to plan and planning well can help set the founding stone
for the most ideal performance outcomes. This chapter discusses what all factors can we measure

to indicate performance along with defining the objectives, scope, and structure of the research.

1.1 Background

One of the vital difficulties with carrying out performance evaluation with HR information is
choosing what kind of performance to attempt to foresee. One may accept that the yearly or half-
yearly performance evaluation rating ought to be something we center around attempting to
predict. In any case, while there may be valid justifications why this is something we could
attempt to do, there are different kinds of performance related indices that can likewise give
some very valuable data. What is significant here is to recall that we not only need to evaluate
the performance, however to consider what factors we may have that might be an indicator of

employee performance.

Moving away from assembling ventures to the service industries, consumer loyalty has become a
significant measure that we could zero in on as an indicator of performance. In the service
industry, consumer loyalty, client dependability and the probability that clients reinvest could be
viewed as solid markers of performance, in light of the fact that these variables eventually sway

the main concern.

Numerous companies regularly gather consumer loyalty information; notwithstanding, it is
uncommon that these companies have the HR analytical ability to have the option to completely

comprehend and investigate what indicators may foresee these key performance results.

While measures like staff turnover, absence due to sickness and commitment scores may not
clearly be indicators of performance from a conventional perspective, these factors are all

measures of performance of a sort.




High staff turnover, high sickness absence rates and low commitment will all be related with an
unfavorable change in the company's primary concern and are everything that a fruitful HR
capacity will need to stay away from. Along these lines, they would all be able to be viewed as

indicators of performance that we should attempt to systematically anticipate.

In some cases, data that we would need to consider for our insightful model isn't accessible at the
individual level. Singular commitment scores may not generally be accessible because of the
confidentiality of most employee reviews. Additionally, with performance, it may not generally
be proper to pass judgment on performance at an individual level, particularly when there might
be groups engaged with the work interaction. As such we should zero in group level performance

or the like.

The real kind of investigation and models that we can run will be reliant upon the accessibility of
the information that we have, and firms will vary in a general sense in this. For instance, a firm
that includes some type of selling could zero in on getting new clients and the measure of income
produced straightforwardly from deals. A call community, for instance, would zero in available

to come in to work rates, call loads and call term.

1.2 Objectives of the Research
The major objectives for carrying out the research work are:
= To find out factors which can be measured to indicate Performance
= Use Multiple Linear Regression to predict an Employee’s Performance

= Use Stepwise Multiple Linear Regression to Model Performance

1.3 Scope of the Research
The research has been conducted to study various factors which can be measured to indicate
performance of an employee. A comprehensive study of the application of HR Analytics in

measuring Employee’s performance has been carried out to draw results.

Multiple Linear Regression and Stepwise Multiple Linear Regression methods have been used to

predict Employee’s Performance.




1.4 Structure of the Research

Chapter 1 discusses the introduction, followed by chapter 2 that brings out a review of the existing
literature about the application of HR Analytics in Performance Management. Chapter 3 presents
the research methodology discussing the tool and techniques used. Chapter 4 brings out the
empirical analysis followed by chapter 5 recommendations and conclusion.




Chapter 2
LITERATURE REVIEW

The goal behind writing the literature review is to give a more extensive perspective on scholarly
writing accessible on subject of HR analytics, how analytics can be coordinated with functions
being carried out in the companies, and further extent of research that studies published have
provided to scholarly community and industry experts. For accomplishing the expressed
exploration questions, the literature review will give a possible highlight for conversation about

the investigated topic.

2.1 HR Analytics

Baron A (2011) the point of this paper was to recognize how HR experts can push ahead
towards the estimation of human resources. There are a few territories recognized in which
information is valuable to the executive’s activity. How human insight is being pulled in,
selected and held; sustained and used; remunerated and roused; how information and execution
are together overseen. There are three components of estimating human resources: proficiency of
HR work, viability of individuals cycles and estimating the effect or return of speculation.

Bassi (2011) recommended HR examination comprises from essential report of HR data or
estimations to make forecasts identified with HR. According to Saraswathy et al (2016) HR
Analytics is strategy for comprehension and surveying the causal connection between HR
rehearses and authoritative execution results by applying measurable apparatuses and

investigations which depended on required measurements of proficiency, adequacy and effect.

Venkatakrishnan C et al (2017) Human asset examination will profit associations by taking
existing operational information and changing it over to dynamic way to deal with future HR
issues. Test information source which are of insightful use incorporates Electronic, online media,
portable sound data, versatile video appraisal catch, video talk with maintenance, virtual

acceptance, social communication.




2.2 Application of HR Analytics

Harris et al (2011) Analytical techniques have capacity to help leaders to relate contributions to
human resources to an organization's results in their monetary capital. HR pioneers can
effectively define association's future through overseeing basic ability and organizing programs
towards long haul prerequisites of business.

Kong et al (2013) analyzed the part of HR rehearses for creating skills for development in Indian
IT area. For satisfying the examination destinations incompletely planned inside and out
interviews with senior chiefs of ITSPs in India were directed. The outcomes featured that
improvement of information and learning capacities structure a significant piece of ability the
board design. Likewise, the association need to create HR methodologies to oversee enormous

pool of specific IT experts and guarantee that their ability in industry stays applicable.

Ghosh et al (2013) Aim of this examination was to find the elements which help to decide the
workers who expect to leave the association and the individuals who plan to remain with the
association. The consequences of study showed that likelihood of representative with high
emotional and regularizing obligation to the association would have lesser expectation to leave
which is needed to be improved among workers. A Discriminant examination led can assist an
association with being proactive and which can additionally help in setting up the maintenance

technique.

2.3 Future of HR Analytics
Ulrich (2010) deduces in their investigation it is the propensity of HR experts to keep away from
quantitative part of business however it will no more be workable for them to stay away from the

information.

Johnson et al (2012) states that best improvement in HRIS understanding will be acquired

through speculation of time, ability and assets accessible by HR experts.




2.4 Concluding Remark

In this chapter, the literature review was conducted to give a more extensive perspective on
scholarly writing accessible on subject of HR analytics, how analytics can be coordinated with
functions being carried out in the companies, and further extent of research that studies published
have provided to scholarly community and industry experts. The next chapter deals with the
research methodology used, highlighting the data coverage and the tools and techniques to be

employed to draw results.




Chapter 3
RESEARCH METHODOLOGY

The research is a comprehensive explorative study with an attempt to employ mathematical models
and perform statistical modeling to attain the defined objectives. This chapter deals with the

research methodology and briefly discusses the tools and techniques adopted for the study.

3.1 Data Coverage

Secondary data has been gathered from the Kaggle.com, which is a web-based platform for
consulting, data analytics competitions and predictive modelling, and utilized for the purpose of
project. To discover factors which can be estimated to predict employees’ performance and to
build prediction models, employee-attitudes based survey-information from a manufacturing-

based firm has been utilized for a time-frame of 2-years from 2014-2015.

The secondary data-set being used for the study incorporates: Employee-attitudes based survey-
information gathered in November-2014, Performance evaluation information gathered in
January-2014, Performance evaluation information gathered in January-2015 and Number of

leaves due to illness, taken per worker in the year 2014.

3.2 Tools & Techniques
The collected data was classified and tabulated in SPSS for analysis and interpretation. SPSS
Statistics is a software product used for statistical, batched and intelligent analysis. The following

listed statistical techniques have been employed in the study:

3.2.1 Multiple Linear Regression

Multiple-Linear-Regression ( MLR ), likewise referred to just as multiple-regression, is a
statistical-method that utilizes a few illustrative factors to anticipate the result of a dependent
variable. The objective of Multiple-Linear-Regression ( MLR ) is to show the direct connection

between the informative (autonomous) factors and reaction (dependent) factor.

Generally, multiple-regression is the expansion of conventional least-squares-regression (OLS)

since it includes more than one informative variable.




Formula and calculation for Multiple-Linear-Regression:

yi=f0+L1Xi1+42Xi2+...+fpXip+e
Where, for i = n observations:
yi = dependent variable
xi = explanatory variables
S0 = y-intercept (constant term)
Bp = slope coefficients for each explanatory variable

¢ =the model’s error term (also known as the residuals)

The multiple-regression-model is based on the following presumptions:
e There is a linear-relationship between the dependent-factors and the independent-factors
e The independent-factors are not very profoundly related with one another
e i observations are selected randomly and autonomously from the population-dataset

e Residuals must be normally-distributed with variance ¢ and zero mean

The coefficient-of-determination (R squared) is a statistical-metric that is utilized to calculate the
amount of the variance in result can be clarified by the amount of variance in independent-factors.
R2 consistently increments as more indicators are added to the M-L-R model, despite the fact that

the indicators may not be identified with the result variable.

R2 without anyone else can't hence be utilized to recognize which indicators ought to be used for a
model and which ought to be avoided. R2 must be somewhere in the range of 0 and 1, where 0
shows that the result can't be anticipated by any of the independent-factors and 1 demonstrates that

the result can be anticipated without blunder from the autonomous-factors.

When analyzing the outcomes of multiple-regression model, beta coefficients are legitimate while
holding any remaining factors consistent ("all else equivalent"). The outcome from a multiple-
regression model can be shown on a level plane as a condition, or in an upward direction in table

structure.




3.2.2 Stepwise Multiple Linear Regression

Stepwise-Regression is a technique that iteratively looks at the factual meaning of every
autonomous variable in a linear-regression model. The forward determination approach begins
with nothing and adds each new factor steadily, testing for measurable importance. The
backward-elimination strategy starts with a full model stacked with a few factors and afterward
eliminates one variable to test its significance comparative with over-all results. Stepwise-
Regression has its drawbacks, in any case, as it is a methodology that fits information into a

model to accomplish the ideal outcome.

The basic objective of stepwise-regression is, through a progression of tests (e.g., F-tests, t-tests)
to track down a bunch of autonomous factors that essentially impact the reliant variable. This is
finished with PCs through iterative cycles, which is the way toward showing up at results or
choices by going through continuous iteration or patterns of examination. Carrying out tests
naturally with assistance from statistical-software-packages enjoys the benefit of saving time and

restricting missteps.

Stepwise-Regression can be accomplished either by evaluating each autonomous factor in turn and
remembering it for the regression-model in the event that it is genuinely huge or by remembering
all expected autonomous factors for the model and disposing of those that are not measurably
critical. Some utilize a blend of the two strategies and in this manner, there are three ways to deal

with stepwise-regression:

1. Forward-selection starts without any factors in the model, tests every factor as it is added to
the model, at that point keeps those that are considered most measurably huge—iterating
the cycle until the outcomes are ideal.

2. Backward-elimination begins with a bunch of independent-factors, erasing one-at-a-time,
at that point testing to check whether the eliminated variable is measurably critical.

3. Bidirectional-elimination is a blend of the initial two techniques that test which factors
ought to be incorporated or barred.




3.3 Concluding Remark

This chapter dealt with the tools and techniques discussing the research methodology for the study.
The next chapter discusses the analysis of the data based on various indices and statistical tests
discussed in this chapter. Further, the next chapter highlights the findings of the analysis furnishing
appropriate reasons behind it.
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Chapter 4
EMPIRICAL ANALYSIS

An empirical analysis is based on the statistical techniques pre-decided as the research
methodology. This chapter includes the analysis of the secondary dataset divided into two sections,
namely Exploratory Data Analysis through Visualizations and Predictive Modelling and
Analysis through SPSS. The findings of the empirical analysis have been discussed in detail with
the appropriate reasoning behind it.

4.1 Exploratory Data Analysis
The research started through by exploring the secondary data set gathered from Kaggle.com, by
making a graphical representation of the numeric data in PowerBIl Visualization Software by

Microsoft.

In this project, a secondary data-set, which is a collection of 626 representatives, containing their
scores, absence due to illness records, performance-evaluation scores, from the yearly worker-
attitude-survey from a manufacturing-based company, has been utilized. The information, taken

over the course of 2-years, incorporates the accompanying information:

e Employee-attitude-survey information gathered in November-2014.
e Performance-appraisal rating gathered in January-2014.
e Performance-appraisal information gathered in January-2015.

e Number of leaves taken due to illness, per worker, in the year 2014.

Here, the information has been connected from two sources to build composite survey-estimations
(normal measures got from different survey-questionnaires) utilizing the distinctive Employee-ID.

Some new terms have been presented and a short depiction for each is given underneath:
e Perceived-Organizational-Support ( POS ): this is how much workers accept that their

company gives value to their commitments, thinks often about their prosperity and satisfies

emotional and social-needs.
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Distributive-Justice-Perceptions: this is encouraged where prizes and results are seen to be
steady with verifiable standards for their allocation to employees, like value or fairness

Procedural-Justice-Perceptions: this is cultivated through voice during a decision making
interaction or impact over the result or by adherence to reasonable cycle models like

consistency, absence of predisposition, correctability, portrayal, precision and ethicality

Job-Satisfaction: this is characterized as 'a pleasurable or positive passionate state coming
about because of the examination of one's work or professional adventures. It is said to have
passionate, intellectual and social segments where the enthusiastic segment alludes to
sentiments viewing the work like fatigue, nervousness or energy; the psychological segment
of occupation fulfillment alludes to convictions seeing one's work, for example, feeling that
one's work is intellectually requesting and testing; lastly the conduct segment remembers
individuals' activities for connection to their work, which may incorporate being late,

remaining late, or professing to be sick to keep away from work .

Person-Organization-Fit: this alludes to the similarity between a worker and their
association. It can prompt expanded degrees of trust and a common feeling of corporate-

community.

Job-Strain: this alludes to a mental reaction to a demanding-work environment and can be a
result of having the view of having little power over one's work, while confronting high

occupation-demands.

The data looks like this:

1
2
3.
4

ID (Unigue Employee-ID).

Gender (1=female,2=male).

Sick Days 2014 (total no. of leaves taken by employees due to sickness in 2014).
Performance Rating 2015 (performance-appraisal-rating given in January-2015 on a scale
of 1-5, with the highest rating being 5).

Performance Rating 2014 (performance-appraisal-rating given in January-2014 on a scale
of 1-5, with the highest rating being 5).

Job Strain 2014 (composite of job-strain-questions on a scale of 1-5 as at November-2014).
12




7. Value Fit 2014 (composite of person-organization-fit-questions on a scale of 1-5 as at
November-2014).

8. JOB SAT 2014 (composite of job-satisfaction-questions on a scale of 1-5 as at November-
2014).

9. Proc Just 2014 (composite of procedural-justice-questions on a scale of 1-5 as at
November-2014).

10. Dist Just 2014 (composite of distributive-justice-questions on a scale of 1-5 as at
November-2014).

11. POS 2014 (composite of perceived-organizational-support-questions on a scale of 1-5 as at
November-2014).

12. Job Tenure 2014 (years with the company as at November-2014).

4.1.1 Count of number of Employees by Performance Rating in 2014

Figure 4.1 illustrates Count of Number of Employees versus their Performance Rating in the year
2014.

Count of ID by PerformanceRating2014

2

12 (5.56%) {0.93%) |

38 (17.59%)
PerformanceRating2014
e3
®5
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2
122 (56.48%) 1
L]
39 (18.06%)

Figure 4.1: Count of ID by Performance Rating2014

Source: Own Analysis - Built-in Microsoft PowerBI
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Figure 4.1 illustrates that a large majority of employees i.e., 56.48% had an average performance
rating i.e., 3 in the year 2014. Around 35.65% of employees had an above average performance
rating in the year 2014. And, a negligible number of employees i.e., 6.49% had below average

performance in the year 2014.

4.1.2 Count of number of Employees by Performance Rating in 2015

Figure 4.2 illustrates Count of Number of Employees versus their Performance Rating in the year
2015.

Count of ID by PerformanceRating2015

2
16 (7.41%)(0.93%) |

18 (8.33%)

PerformanceRating2015
®3
2
o4
5
0
e1

—— 95 (43.98%)

84 (38.89%)

Figure 4.2: Count of ID by Performance Rating2015

Source: Own Analysis - Built-in Microsoft PowerBI

Figure 4.2 illustrates that a large majority of employees i.e., 82.87% had an average performance
rating i.e.,, 2 and 3 in the year 2015. Around 15.74% of employees had an above average
performance rating in the year 2015.

This shows that the count of employees having above average performance declined in the year

2015 as compared to the year 2014. And, a negligible number of employees i.e., 0.93 % had below
average performance in the year 2015.
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4.1.3 Count of number of Employees by Number of Sick Days in 2014

Figure 4.3 illustrates Count of Number of Employees versus number of sick days taken by them in

the year 2014.

Count of 1D by SickDays2014

.
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T 134 (62.04%)
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Figure 4.3: Count of ID by SickDays2014

Source: Own Analysis - Built-in Microsoft PowerBI
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Figure 4.3 illustrates that a large majority of employees i.e., 62.04% took 0 sick leaves in the year

2014. Around 3.09% of employees took sick leaves in the range of 1 to 10 in the year 2014. And, a

negligible number of employees i.e., 1.85 % took sick leaves in the range of 12 to 60 in the year

2014.

4.1.4 Count of number of Employees by Gender

Figure 4.4 illustrates Count of Number of Employees by Gender [Male, Female] in the organization

under study.
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Count of ID by Gender
Gender ®1 #2

150

8

Count of 1D

Figure 4.4: Count of ID by Gender

Source: Own Analysis - Built-in Microsoft PowerBI

Figure 4.4 illustrates that the manufacturing organization under study had large number of male
employees as compared to female employees.

4.1.5 Count of number of Employees by Job Tenure in years

Figure 4.5 illustrates Count of Number of Employees by their Job Tenure in years with the
organization under study as at November 2014.
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Count of ID by JobTenure2014
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Figure 4.5: Count of ID by JobTenure2014

Source: Own Analysis - Built-in Microsoft PowerBI

Figure 4.5 illustrates that only 3.7% of employees had Job Tenure of 21 years which is also the
maximum job tenure. 10.19% of employees had Job tenure of only 1 year.

Around 43.52% of employees had Job Tenure between 1 to 5 years. Around 15.27% of employees
had Job Tenure between 6 to 10 years. Around 41.21% of employees had Job Tenure in the range of
11 to 21 years.

4.1.6 Count of number of Employees by Perceived Organizational Support in 2014

Figure 4.6 illustrates Count of Number of Employees by their Perceived Organizational Support
(POS) in the year 2014.
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Count of ID by POS2014
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Figure 4.6: Count of ID by POS2014

Source: Own Analysis - Own Analysis - Built-in Microsoft PowerBlI

Figure 4.6 illustrates that majority of employees had POS (Perceived Organizational Support)
score in the range of 3 to 4. And very negligible number of employees had a low POS Score (1 to
2). Also, a smaller number of employees had a high POS Score of 5.

Here, POS Score is the degree to which employees believe that their organization values their
contributions, cares about their well-being and fulfils socio-emotional needs.

4.1.7 Count of number of Employees by Job Strain in 2014

Figure 4.7 illustrates Count of Number of Employees by their Job Strain in the year 2014.
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Figure 4.7: Count of ID by JobStrain2014

Source: Own Analysis - Own Analysis - Built-in Microsoft PowerBI

Figure 4.7 illustrates that majority of employees experienced Job Strain in the range of 2 to 4 at the

organization under study. A smaller number of employees experienced a very high or a very low
Job Strain.

Here, Job Strain refers to a psychological response to a demanding work context and can be a

consequence of having the perception of having little control over one’s work, while facing high job

demands.

4.1.8 Count of number of Employees by Distributive Justice Perception in 2014

Figure 4.8 illustrates Count of Number of Employees by their Perception regarding Distributive
Justice in the year 2014.
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Figure 4.8: Count of ID by DistJust2014

Source: Own Analysis - Built-in Microsoft PowerBI

Figure 4.8 illustrates that majority of employees at the organization under study believed that the
rewards were distributed according to the outcomes produced by the employees.

Distributive Justice Perception is fostered where rewards and outcomes are perceived to be

consistent with implicit norms for allocation, such as equity or equality.

4.1.9 Count of number of Employees by Procedural Justice Perception in 2014

Figure 4.9 illustrates Count of Number of Employees by their Perception regarding Procedural
Justice in the year 2014.
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Figure 4.9: Count of ID by ProcJust2014

Source: Own Analysis - Own Analysis - Built-in Microsoft PowerBI

Figure 4.9 illustrates that majority of employees at the organization under study perceived high
procedural justice. Also, a negligible number of employees perceived a very high or a very low
procedural justice being met at the organization under study.

Procedural justice is fostered through voice during a decision-making process or influence over the
outcome or by adherence to fair process criteria such as consistency, lack of bias, correctability,
representation, accuracy and ethicality.
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4.2 Predictive Modelling using SPSS Statistical Software
In choosing which model to test here, one can settle on numerous decisions (a circumstance that
the HR professional will regularly end up in). The best option to make is which performance

measure one should utilize.

In our dataset two measures are accessible January 2014 and January 2015 (giving the appraisals

from the earlier year's performance).

Our linear regression-based prediction models, make a certain presumption that A causes B, or for
this situation that our independent factors may cause variety in employee’s performance. Thus, if
the independent factors which are accessible are gathered in 2014, we likely need to ensure that
the measure of employee’s performance that we are to foresee with these variables is the 2015

measure of performance.

In the event that we attempt to anticipate the January 2014 measure of employee’s performance
with November 2014 staff perspectives then we are doing things in reverse. Along these lines, we

ought to pick the 2015 measure of employee’s performance as a dependent factor in the model.

The multiple regression algorithm-based prediction model was run in SPSS, taking a look at the
connection between employee’s performance, absence due to sickness and attitudes of employees.

Hence, the model shown below has been tested in SPSS Software:

Performance-Rating-2015 ( January ) = a + b1 (POS 2014) + b2 (Dist Just 2014) + b3
(Proc Just 2014) + b4 (JOB SAT 2014) + b5 (Value Fit 2014) + b6 (Job Strain 2014) +

b7 (sick days 2014)

Figure 4.10 illustrates the Data-View and Figure 4.11 illustrates the Variable-View after the dataset

is loaded into SPSS Software as shown below:
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% *Untitled? [DataSet!] - IBM SPSS Statistics Data Editor

File Edit View Data Transform Analyze DirectMarkefing Graphs Utlifies Add-ons Window Help
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|V\sib|e: 12 of 12 Variables
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10 10 . . 478 5 326 6454545454545 5 5
11 il . . . . . . . 3 3
12 12 2 2 3.00 3 226 AT22721271213 3.000000000000 3666666665667
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1% ! 1 10 1.00 1 150 2545454545455 3.000000000000  5.000000000000 4 5
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Figure 4.10: Data-View in SPSS Software
Source: Own Analysis - Built-in SPSS Statistical Software

£ *Untitled2 [DataSet1] - [BM SPSS Statistics Data Editor

File Edit View Data Transform Analyze DirectMarketng Graphs Utiities Add-ons Window Help

SHE B e Bl H B BLE 100 %

| Name H Type ” Width H Decimals || Label ” Values || Missing || Columns || Align ” Measure || Rale |

1 D Numeric 1 None None 11 = Right & Scale N Input
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anTenureQ... Numeric 1 None None 11 = Right & Scale N Input
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Distust20td Numeric 11 None None 1 Right & Scale i Input
E ProcJust2014 Numeric 11 None None 11 Right & Scale N Input

7 IOBSATM Numeic 13 12 Noe  MNee 13 Rgt  #Scl N nou
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9 JobSwan0t4 Numeic 13 12 Nore None 13 Rt #Scle  Ninpu
Parformanc... Numeric Ll 0 Nane Nane il Right & Nominal N Input
Parformanc.... Numeric Ll 0 Nane Nane il Right & Nominal N Input

SickDays20... Numeric 11 0 None None 11 Right & Scale N Input

Figure 4.11: Variable-View in SPSS Software
Source: Own Analysis - Built-in SPSS Statistical Software
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4.2.1 Multiple Linear Regression based Prediction Model

Utilizing the very same linear regression-based strategy, that has been used elsewhere, we can test
this model by choosing ‘Analyze------ —~>Regression----->Linear’ and moving the Performance
Rating 2015 variable into the ‘Dependent:’ selection box and selecting the accompanying factors
as ‘Independent Variables’ and moving them into the ‘Independent(s):” selection box: POS-2014,
DistJust-2014, ProcJust-2014, JOBSAT-2014, ValueFit-2014, JobStrain-2014 and sickdays-2014
as shown in the Figure 4.12 and Figure 4.13.

WS, *Untitled2 [DataSet1] - IBM SP5S Statistics Data Editor

File Edit WView Data Transform Analyze Direct Marketing Graphs ilities Add-ons  Window  Help

r'_—‘—_'? S = . Reports 2 e
| ﬁ[:l e gors . Lt E, @"f-\"_f;}
- Descriptive Statistics »
Tables »
D e Compare Means » POS2014 DistJust2014 Procdust
General Linear Model »
E 1 Generalized Linear Models F 2.25
= 2 Mixed Models » 2.25
3 3 275
4 4 Correlate »
5 5 Regression L [E] automatic Linear Modeling...
6 6 Loglinear » Linear...
3
7 7 SEE T Curve Estimation...
Classi »
8 8 b [ Partial Least Squares ..
q 9 Dimension Reduction »
3 Binary Logistic...
10 10 FEE L . .
— 11 Monparametric Tests » Emultmomlal Logistic...
12 12 Forecasting 3 [ ordinal...
13 13 Survival » E Probit...
14 14 Multiple Response 5 Eﬂonlinear...
15 15 Missing Value Analysis. . [ weight Estimation...
16 16 Multiple Imputation > 2-Stage Least Squares...
iy 7 Complex Samples L Optimal Scaling (CATREG)...
18 18 Quality Control » =
19 19 ROC Curve... 3.00 3
20 20 T o 3.50

Figure 4.12: Analyze, Regression and Linear Options in SPSS
Source: Own Analysis - Built-in SPSS Statistical Software
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Figure 4.13: Moving Independent and Dependent Variables to respective selection boxes

Source: Own Analysis - Built-in SPSS Statistical Software

At the point, when we select ‘OK’ option, we get the output, as shown in the Figure 4.14 and

Figure 4.15:

= Regression
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a. Depaendaentwariakblae:
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a. Predictors: (Constant), SickDays2014, FPOS201 4,
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Procdust?014, JOBSATZO 4

Figure 4.14: Output of Multiple Linear Regression Model in SPSS
Source: Own Analysis - Built-in SPSS Statistical Software
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ANOWAT

Sum of
Model Squares clf Mean Square F Sig.
1 Regression 18.553 i 2650 3.278 a2
Residual 172.207 213 .eos
Total 190.760 220

a. Depaendentvwariable: PerfarmanceRating2 a5

o1
b. Predictors: (Constant), SickDays2014, POS2014, YWalueFit201 4, JobStrain201 4,
Distdust201 4, Procdust2Z01 4, JOBSATZ01 4

Coefficients™

Standardized
LUinstandardized Coefficients Coefficients

Model =] Std. Error BEeta t Sig.

1 {(Constant) 859 584 1.641 102
FOs52014 =1 130 1Ges 1.500 135
Distlustz2014 -126 10z -.116 -1.235 21e
FrocJdust2014 163 140 121 1.163 246
JOBESATZ014 033 oo 037 L3231 |
walueFit201 4 0s2 114 .0an 544 587
JobStrain201 4 247 orz 26T 3415 oo
SickDays2014 -.018 .oos -.144 -2.145 033

a. Depaendentvwariable: PerformanceRating2015

Figure 4.15: Output of Multiple Linear Regression Model in SPSS
Source: Own Analysis - Built-in SPSS Statistical Software

In the above model, we can see that the R-square = 0.097, or that 9.7 percent (around one-10th) of
the fluctuation in the employees’ rating of performance given in January 2015 can be represented by

the predictive factors being utilized here.

Taking a look at the investigation of change in Figure 4.15, i.e., the regression-based ANOVA
table, which tests the level of how well the model predicts change in the 2015’s rating of
employees’ performance, we can see that the regression-based ANOVA F value is 3.278, with a

related all out degrees-of-freedom of 220 and the significance-level of 0.002 ( p<0.01) .

So, we could say it is under 0.005, which implies there is not exactly a 5 of every 1,000 possibility
that we would arbitrarily discover this example of shared difference (between the 2015°s rating of
employees’ performance and the independent factors in the model). Therefore, the model is

significant.

Along these lines, while the model just records for one-10th of the result (2015’s rating for
employees’ performance), it is significant and henceforth we can be certain about suggestions that

can be made based on the critical outcomes created with this model (in that we may have discovered
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variables that may affect the employees’ performance). It is critical to set the assumptions so that
the effect will be traditionalist (and consistently admonition our cases on the premise that our

regression-based discoveries don't conclusively ‘demonstrate’ causality).

This is a regression-based technique where you put all components in as performance indicators and
see what come out as critical indicators. This aides control for various factors and considers noise in

data and connections between the components is estimated.

Taking a look at the Beta coefficients, one can see that the quantity of days off taken in 2014 has a
negative relationship with the 2015’°s rating of employees’ performance, and the measure of
occupation strain has a critical and positive relationship with the 2015’s rating of employees’
performance (this finding could be an illustration of where one should investigate communications

between the predictive variables under study).

The perceived degree of occupation strain and the quantity of days off taken in 2014 are the key
likely drivers of performance-on-performance appraisal ratings given in 2015. Curiously, the more
an individual feels they have work strain, the almost certain they are to get a better performance

appraisal rating.

4.2.2 Stepwise Regression based Prediction Model

One could also utilize a somewhat extraordinary technique called stepwise-regression. This strategy,
as a result, simply chooses the primary factors adding to the predictivity of the dependent variable
under study. It takes a look at the independent factors, it tracks down the most grounded

relationship, and afterward it enters this as a regression-based model.

At that point it hopes to check whether the variable with the following most grounded relationship
adds to the regression-based model in the event that it is incorporated in the model. This iterative-
process proceeds until the predictivity of the dependent factor isn't improved any more. Hence, one
gets the most effective and efficient regression-based model. This cycle is called stepwise-

regression.
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In the event, if one enters the above independent factors into a stepwise-regression model
anticipating employees’ performance then we get a cleaner, more straightforward, more tightfisted
model. The idea of stinginess here alludes to not having pointless components incorporated in the
model with the contention 'basic is better'. One should remember, in any case, that when we do this,
the model isn't ‘controlling’ for the conceivable impact of other (barred) factors, so the expert
requirements to ponder what method can be used.

In the stepwise-regression based prediction model, the same dataset has been used as in the case of
simple multiple linear regression-based prediction model. To run stepwise-regression in SPSS first

of all, ‘Regression’ option is selected, then ‘Linear’ from the ‘Analyze’ menu as shown in the

Figure 4.16:

S, “Untitled2 [DataSet1] - IBMM SP55 Statistics Data Editor

File Edit Wiew Data Transform Analyze Direct Marketing Graphs  Utilities  Add-ons  Window  Help
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1D S Compare Means »  POS2014 Distdust2014 Procdu
Seneral Linear Model »
i 1 Generalized Linear Models » 2.25 3
2 2 2.25 3
Mixed Models >
3 3 2.75 2
2 4 Correlate r
5 5 Regression g [E] Automatic Linear Modeling...
5 5 Loglinear » El:inear...
3
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= 10 Scale » ] : L
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13 13 Survival 3 ] Proobit
14 14 Multiple Response 3 il Monlinear.
15 15 Missing Value Analysis. .. 8 wWeight Estimation._.
16 16 Multiple Imputation 2 2-Stage Least Squares...
L L Complex Samples L Optimal Scaling (CATREG)...
18 18 Quality Caontral [ - =
19 19 ——— 3.00 a
20 20 T o 3. 50 4

Figure 4.16: Analyze, Regression and Linear Options in SPSS
Source: Own Analysis - Built-in SPSS Statistical Software

On the next screen, the Independent and Dependent variables are moved to the selection boxes as
done before in the previous model. The primary difference in stepwise-regression is that we select

‘Stepwise’ in the ‘Method’ option as shown in the Figure 4.17:
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Figure 4.17: Moving Independent and Dependent Variables to respective selection boxes

Source: Own Analysis - Built-in SPSS Statistical Software

Then, ‘OK’ option is selected. This resulted in the output as shown in the Figure 4.18, Figure 4.19,
Figure 4.20 and Figure 4.21:
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Figure 4.18: Output of Stepwise Regression Model in SPSS

Source: Own Analysis - Built-in SPSS Statistical Software
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Model Summary

Adjusted R std. Error of
Maodel R R Square Square the Estimate
1 1533 024 018 822
2 250" 063 054 806
3 282° 080 067 800
a. Predictors: (Constant), JobStrain2014
b. Predictors: (Constant), JobStrain2014, ProcJust2014
¢. Predictors: (Constant), JohStrain2014, ProcJust2014,
sickDays2014
ANOVA®
Sum of
Model Squares df Mean Square Sig.
1 Fegression 4486 1 4 486 274 023"
Residual 186.274 218 851
Total 180.760 220
Z Fegression 11.965 2 h.882 294 o0©
Residual 178.796 218 820
Total 180.760 220
3 Regression 16.166 3 h.055 247 .oop*
Residual 175695 217 B804
Total 180.760 220

a. DependentVariahle: PerformanceRating2015
b. Predictors: (Constant), JohStrain2014

¢. Predictors: (Constant), JobStrain2014, ProcJust2014

d. Predictors: (Constant), JohStrain2014, ProcJust2014, SickDays2014

Figure 4.19: Output of Stepwise Regression Model in SPSS

Source: Built-in SPSS Statistical Software

30




Coefficients®

Standardized
IInstandardized Coefficients Coefficients
Maodel B Std. Error Beta 1 Sig.
1 (Constant) 2.404 181 12.568 .0oan
JohStrain2014 142 062 163 2.297 023
2 (Constant) 1.311 408 3.218 0
a4 JohStrain2014 184 063 210 3.083 0oz
Frocdust2014 278 082 206 3.020 003
3 (Constant) 1.351 404 3.333 0
JobStrain2014 208 063 22 3.299 0o
Frocdust2014 269 082 1849 2.936 004
SickDays2014 -.016 .0os - 13 -1.89849 048
a. DependentVariable: PerformanceRating2015
Figure 4.20: Output of Stepwise Regression Model in SPSS
Source: Built-in SPSS Statistical Software
Excluded Variables®
Collinearity
Partial Statistics
Model Beta In t Sig. Correlation Tolarance
1 POS2014 .215° 2 BEG oo4 a2 .TED
DistJust2014 o7k .o|s 326 06T 848
ProcJust2014 206k 3.020 ooz 200 823
JOBSATZ2014 .18s5P 2.491 013 166 7o
WalueFit201 4 117k 1.687 093 114 916
SickDays2014 -.140" -2.103 037 141 .a84
2 POS2014 11a9® 1.212 227 nez2 445
DistJust2014 -.069° -.B05 421 055 588
JOBSATZ2014 .oro* 723 471 040 459
“WalueFit2014 042" 857 &878 03s TT2
SickDays2014 -131° -1.989 048 134 a8z
] POS2014 1439 1.462 145 EE] 440
DistJust2014 -.0634 -T42 450 050 58T
JOBSATZ2014 .o614 Nafclel 528 043 458
WalueFit201 4 .o5g4 TEH 433 053 TB3
a. Dependentwariable: PerformanceRating2015
b. Predictors in the Model: (Constant), JobStrainz01 4
c. Pradictors in the Model: (Constant), JobStrain201 4, ProcJust201 4
d. Predictors in the Model: (Constant), JobStrain2Z01 4, Procdust2014, SickDays2014

Figure 4.21: Output of Stepwise Regression Model in SPSS

Source: Own Analysis - Built-in SPSS Statistical Software
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The distinction here, in stepwise-regression, is that one presently, can contrast a couple of models
and can develop a view in order to track down the model that best fits in the most effective manner.
It is imperative to consider that while stepwise-regression enjoys a few benefits in that the models
introduced toward the end just incorporate critical indicators, subsequently they are more basic and

miserly models, there are some likely disadvantages to this methodology.

The principal drawback is that one is not 'controlling’ for the impacts of other conceivable
influencers of the dependent-variable. It may really be critical to do this and show that one has

control of the potential impacts of different elements.

In the event that, for instance, somebody cross examining the discoveries can feel that some
different variables (that the stepwise-regression-method neglected to incorporate as a model) could
be significant, it might give the researcher or other people, more noteworthy assurance, on the off
chance, if in case other variables are also included in the model, despite the fact that they don't come

out as critical indicators.

Model-Summary can be looked at comprising of coefficients-table and ANOVA-table in Figure
4.18, Figure 4.19, Figure 4.20 and Figure 4.21. Data-analysis has identified 3-best-models as

described below:

e Model-1

Model-1 shows that the vital driver in deciding the performance-appraisal-rating given in
January-2015 is really the measure of occupation-strain informed, two months before in
November-2014 (Beta=0.153, p<0.05).

The basic regression-model is in the form: Performance-Rating-2015 (January) = 2.404 +
0.142(Job-Strain-2014)

e Model-2

Model-2 depicts the vital drivers of the performance-appraisal-rating given in January-2015 as a
mix of occupation-strain (Beta=0.210, p<0.05) revealed in November-2014 and the procedural-
justice (Beta=0.206, p<0.05) felt by the employee in November-2014.
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The basic regression-model is in the form:
Performance-Rating-2015 (January) = 1.311 + 0.194(Job-Strain-2014) + 0.278(Proc-Just-2014)

e Model-3

Model-3 is more extensive and outlines the indicators of the performance-appraisal-rating given
in January-2015 as a mix of occupation-strain (Beta=0.225, p<0.05) felt in November-2014,
procedural-justice (Beta=0.199, p<0.05) felt in November-2014, and the all-out number of days
fallen ill in 2014 (Beta=—0.131, p<0.05).

The basic regression-model is in the form:
Performance-Rating-2015 (January) = 1.351 + 0.208(Job-Strain-2014) + 0.269(Proc-Just-2014)
— 0.016(sick-days-2014)

The rest of the factors (as demonstrated in the 'Excluded-Variables' table in Figure 4.21) don't assist

us with foreseeing employees’ performance and hence are excluded from these models.

What does the information show us? All things considered, curiously, apparently individuals who
felt more under strain (who lost rest stressing over work) in November-2014 appear to have better
performance-evaluation appraisal-ratings in January-2015. This is possibly dangerous from a

wellbeing and prosperity viewpoint.

More strain and stress will in general prompt better? One would not have any desire to consider
attempting to expand the strain and stress on people as a organizational-performance improvement
technique. However, it very well may be an impression of the way that individuals who try sincerely
and are feeling the squeeze, and in reality, who may lose rest stressing over their work, are in this
manner compensated with a better appraising (whether or not they are really performing at a more
elevated level).

The story doesn't stop there, be that as it may. The subsequent model demonstrates that individuals
who feel that their manager acts in an equitable and reasonable manner additionally have better
performance-appraisals. For what reason may this be? Indeed, one could decipher this as the
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representatives who feel their manager isn't reasonable or just may have lower levels of inspiration
or they may have a more displeased mentality than the individuals who experience (or see) more
noteworthy degrees of procedural-justice; along these lines, this may work out in how their

administrator at that point rates them.

It merits considering briefly that it is so critical to have the performance-appraisal-measure
subsequent to the attitude-survey-rating in this model. In the event that, for instance, the model
embedded the 2014-performance-measure here as a dependent-variable rather than the 2015-
performance-measure, and a positive connection has been tracked down between November-2014’s
employees’ perception of justice and January-2014 performance-appraisals, it is possible that a
lower performance-rating delivered negative impression of procedural-justice, hence the causality
would be switched. Thusly, it is fundamental that the performance-rating used in the model (as a
dependent-variable) is given after the employee-attitude-measure. This issue has been addressed in

the next model below.

In the event that we take a look at the third model that the model produces, we likewise see that
number of days' leave due to illness, in 2014 is a huge indicator of 2015-performance-rating. This
implies that the recurrence of days for which individuals were missing because of disease is by all
accounts reflected in their performance-evaluation. Thus, in outline, the representatives who get the
best appraisals are the individuals who have the most un-number of days off due to illness, who
encounter and see that their manager acts in a procedurally way, and who feel a feeling of strain and

stress over their work.

4.3 Concluding Remark
This chapter detailed the empirical analysis based on two Prediction Models modelled in SPSS
i.e., Linear Regression and Stepwise Regression Model for predicting employees’ performance.

The next chapter discusses the recommendations and conclusions of the study.
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Chapter 5
RECOMMENDATIONS & CONCLUSION

This chapter details the recommendations and conclusion of the study ‘Predicting Employee’s

Performance using HR Analytics’ based on the empirical analysis and findings.

Strategically, how is it possible that we would utilize this data to make suggestions to the
company's employee strategy? To begin with, it is worth featuring to senior pioneers in the
company that the information proposes we might be remunerating individuals for being under
strain. This could be harming, on the grounds that it is the superior workers who are viewed as
good examples in the association — and assuming they are losing rest and are feeling the stress, it
very well might be a sign to others that in the event that they need to be remunerated
additionally, they should stress themselves, which isn't good for them or for the company.

An undeniable degree of occupation strain is probably going to make the individual become sick,
which would, in future, cause more days taken in nonattendance due to sickness and in the end
(as per this model) lead to a lower rating due to poor performance. Thus, this methodology

would not prompt consistent, long-term superior performance.

How about we take a look at the other key drivers: procedural justice and sickness absence. To
start with, nonattendance sue to sickness. Numerous companies put resources into representative
prosperity projects to assist workers with remaining and genuinely solid, and there are numerous
experts in the field who can exhort on representative prosperity programs.

Indeed, even little, straightforward, minimal effort ideas like giving healthy fruits, empowering
exercise through noon or after-work clubs, or getting gymnasium membership on discount for
staff can go far to assist representatives with remaining sound and healthy. Different ideas
incorporate teaching solid habits to workers through outside speakers, programmes to help
representatives who are encountering pressure, offering nearby influenza inoculations or even an

on-location medical specialist's office.

At last, procedural justice. The more workers see their manager to be reasonable and just, the
higher they are probably going to perform. To improve this, it would in all likelihood require

further examinations concerning which strategies are considered reasonable and just (and which
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are not) so prescriptive move might be made. This should be possible through an audit of cycles

joined with contribution from review respondents.

The apparent degree of occupation strain, the apparent degree of procedural equity felt and the
quantity of days off taken in 2014 are the vital drivers of performance appraisal given in 2015.
Strangely, the more an individual feels they have work strain, and the more they feel their
manager is reasonable and just, the almost certain they are to get a better appraisal. The lower the
quantity of days off taken, the higher the performance appraisal that they will in general be

given.

5.1 Concluding Remark

This chapter discussed the recommendations and the conclusion.
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