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Abstract 

For a business to thrive in today's cutthroat marketplace, every employee must be able to contribute 

to the fullest extent of his or her abilities. Human resources remain one of the most crucial 

differentiating factors a firm may use for competitive growth and value creation in such an 

environment. Organizations see human capital as a key driver of economic and corporate 

development as well as a source of competitive advantage. Present organizations are facing 

competition rival continuously due to changes in technology and the business environment. 

Today's HR professionals recognize that dealing with data alone is insufficient, but it's also 

critical to grasp other metrics that might benefit firms. As a result, several HR departments from 

different firms have already started using analytics, and they are performing rather effectively. 

This study is aimed at finding the impact of the HRA process on decision-making, the advantages 

of using HRA and its threats, and the way it is being used in home appliance manufacturing 

industries. The evaluation of the major influence that the HR analytics process has on the 

decision-making processes is the primary purpose of this research. The current investigation 

operationalizes four separate decision-making processes, which are as follows: the descriptive 

analytics decision-making process; the diagnostic analytics decision-making process; the 

predictive decision-making process; and the prescriptive decision-making process. 

 

Keywords: Marketplace, Human resource, human capital, HRA, HR analytics, decision making. 

 

 

1. Introduction 

With recent globalization trends, there is a surge in manufacturing locations to take advantage of time and 

logistics costs across multiple countries. India, being an expanding economy, is seeing a significant 

expansion in industries. With the changing economic policies, more and more firms are moving to India 

to set up manufacturing facilities under the Make In India initiative and to benefit from the Indian market. 

Rising industrialization and urbanization are driving up commodity consumption in India. A few causes, 

such as infrastructural development, electrification, real estate growth, job creation, and small business 

availability, are leading to an increase in buyer income. 

For a business to thrive in today's cutthroat marketplace, every employee must be able to contribute to the 

fullest extent of his or her abilities. Human resources remain one of the most crucial differentiating factors 

a firm may use for competitive growth and value creation in such an environment (Bharti, 2017). 

Organizations see human capital as a key driver of economic and corporate development as well as a source 

of competitive advantage (Delery & Roumpi, 2017). Present organizations are facing competition rival 
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continuously due to changes in technology and the business environment (Narendra and Mishra, 2021). 

Scholars and professionals have become more interested in the idea of data and analytics and how they 

are applied in management and trying to comprehend how data may be translated into valuable insights 

that improve organizational performance (Chierici et al., 2019; Ferraris et al., 2019; Santoro et al., 2019; 

Singh and Del Giudice, 2019). Human resources management (HRM) has experienced an increase in 

interest in data and analytics, as indicated by the rise in the number of HR departments using HR analytics 

to enhance decision-making. (Marler and Boudreau, 2017; Fernandez and Gallardo-Gallardo, 2020; 

McCartney et al., 2020). 

In addition to focusing on examining and enhancing aspects of human capital, HR analytics also uses 

analytical methods in conjunction with people data to guide organizational strategy and enhance 

performance (McCartney and Fu,2022). By collecting and converting high-quality worker data into 

information and producing crucial organizational insights, HR analytics contributes to the establishment 

of organizational evidence creation (Marler and Boudreau, 2017; Minbaeva, 2018; Coron, 2021). 

 

The HRM practices that are put in place must be in line with larger expectations and rules for how 

employees should act and with competitive goals. In addition, using analytics to manage human resources 

better is a newer HRM trend. 

Today's HR professionals recognize that dealing with data alone is insufficient, but it's also critical to 

grasp other metrics that might benefit firms. As a result, several HR departments from different firms 

have already started using analytics, and they are performing rather effectively. 

This study is aimed at finding the impact of the HRA process on decision-making, the advantages of 

using HRA and its threats, and the way it is being used in home appliance manufacturing industries. 

 

1.1 Need and Rationale of the study 

There is a large amount of data in any organization due to the information age in the modern business 

environment. Usually, these large amounts of data and the interpretation of these data are considered big 

tasks as large as the data contained in raw. 

HRM methods are evolving in today's data-driven environment as organizations leverage HR metrics and 

HR analytics to improve decision-making. The firm will become more dependable in its use of data-driven 

decision-making rather than intuition as a result of this digitization. This can help firms use current 

strategic and operational data to create a practical solution to HR issues in the future. Utilizing current 

data to predict future ROI as a source of strategic advantage, HR analytics has grown to be a crucial tool 

for success (Ekka, 2021). 

Organizations view human capital as a critical source of competitive advantages and a necessity for business 

success (Andrijević Matovac et al., 2010; Pradana et al., 2020). As a result, it is difficult for firms to 

manage personnel with broad competencies. However, people are an organization's greatest asset and a 

powerful means of creating a competitive advantage in the current uncertain market climate. For this 

reason, generating, examining, and storing massive amounts of data for decision-making is necessary. 

Human resource management involves technology that provides managers with insights into various HR 

operations patterns to sort through the enormous personnel database and identify the top performers. The 

solution lies in using analytics to handle employee data more logically and sensibly while drawing 

linkages to corporate outcomes. 

 

1.1 Significance of the study  

When an organization has a good understanding of the issue, the data and information on the business 

process can support the organization in making decisions that are beneficial to the organization's growth. 

In the human resources (HR) function, which provides the resources for running the business, their trend 

pattern to behave with the business and seasonality helps the organization plan better so that it can anticipate 

crises and turn them into opportunities. 

https://www.emerald.com/insight/search?q=Steven%20McCartney
https://www.emerald.com/insight/search?q=Na%20Fu
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According to Andrijevi Matovac et al. (2010), businesses are vying for the best talent by competing to 

recruit, select, retain, and inspire them. 

Digitalization has an impact on both our daily lives and the economic world. The corporate sector is 

heavily reliant on technology. During these years, it will be impossible to conduct business without 

technology (BarNir et al., 2003). 

Large amounts of data and analytics technologies enabled firms to foresee and make data-driven decisions 

in various contexts (Angrave et al., 2016). 

Utilizing statistical models, HR Analytics delves deep into a company's employee data to predict attrition 

rates, training costs, and employee contributions, among other things. 

This study would suggest organizations employ the organizational facts generated by HR analytics and 

incorporate them into their decision-making process. 

 

1.3 Human Resource Analytics Process 

Marler and Boudreau (2017) define HR analytics as, “an HR practice enabled by information technology 

that uses descriptive, visual, and statistical analyses of data related to HR processes, human capital, 

organizational performance, and external economic benchmarks to establish business impact and enable 

data-driven decision-making” (p. 15). 

According to Mr. Ferrar (an expert in HR analytics working in IBM Smarter Workforce), “analytics is 

expanding to new areas, such as conducting a risk analysis of labor relations, compensation optimization, 

social media analysis, recruitment analytics, and corporate employee engagement” (quoted from SHRM 

Foundation, 2016). 

The application of using workforce data to improve decision-making has been synonymously referred to 

by scholars as HR analytics (Aral et al., 2012; Rasmussen and Ulrich, 2015; Angrave et al., 2016; Marler 

and Boudreau, 2017; McCartney et al., 2020), people analytics (Kane, 2015; Green, 2017; Nielsen and 

McCullough, 2018; Tursunbayeva et al., 2018; Peeters et al., 2020), talent analytics (Harris et al., 2011; 

Sivathanu and Pillai, 2020), human capital analytics (Andersen, 2017; Boudreau and Cascio, 2017; 

Levenson and Fink, 2017; Minbaeva, 2018) and workforce analytics (Huselid, 2018; Simon and Ferreiro, 

2018). 

 

1.4 Decisions making in Analytics 

Margherita (2020) asserted that HR analytics adheres to a linear, three-stage maturity model. At its most 

basic level, "descriptive" HR analytics concentrates on using HR technology to produce reports and 

dashboards that respond to inquiries about what has occurred. The "predictive" stage then makes use of 

statistical methods, cutting-edge algorithms, and machine learning to predict potential future events and 

their causes. The "prescriptive" step, which comes last, focuses on choosing the best course of action to 

follow in response to the analysis. 

The strategic value of HR analytics is widely acknowledged in academia and practice since it gives 

organizations the data, information, and insights they need to make data-driven decisions (Huselid, 2018; 

Minbaeva, 2018). 

To improve decision-making, van den Heuvel and Bondarouk (2017) define HR analytics as the 

methodical identification and quantification of the human drivers of business outcomes. 

Descriptive, predictive, and optimization analytics are the three main types of analytics (Watson, Narula, 

2015). 

 

1.5 HRA Process and Decision-making 

Human resources management (HRM) has experienced an increase in interest in data and analytics, as 

indicated by the rise in the number of HR departments using HR analytics to enhance decision-making 

(Marler and Boudreau, 2017; Fernandez and Gallardo-Gallardo, 2020; McCartney et al., 2020). 

The use of data-driven decision-making to support human resource management (HRM) decision-making 
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and the accessibility of big data are seen as opportunities for future expansion in the field of HR analytics 

(Milon, 2019). 

Adopting HR analytics will help firms create more robust connections for attracting and retaining top 

personnel and improve HRM decision-making (Fitz-Enz, 2010). 

Rasmussen and Ulrich's (2015) study looks into the idea that HR analytics helps with managerial and HR 

decision-making by providing data that can be trusted and backed up by statistics. The report argues that 

if Analytics doesn't want to become simply another "management craze," it should aim to improve the 

way HR and other relevant departments typically operate to ensure that it produces effective outcomes. 

Instead of the usual "inside-out" approach to human resources, the study suggests that organizations 

should adopt an "outside-in" approach that emphasizes tangible activities. This alternate strategy proposal 

is amenable to this aspect. 

 

2. Review Literature 

 

For various people, HR analytics can mean different things. Some people just use the term "HR analytics" to 

refer to descriptive HR metrics, while others use the term to refer to complex predictive modeling 

techniques (Bassi, 2011). More recently, Levenson and Fink (2017) argue that, in the context of HR, the 

term "analytics" has unfortunately come to mean everything involving numbers, data collection, and 

measurement. 

According to Chaudhary and Srivastava (2021), HR analytics concentrates on making it easier to 

understand how to manage the staff effectively and grasp corporate objectives. Because there is so much 

information available, Human Resource departments need to prioritize classifying which data is crucial in 

addition to determining how to use it for the greatest return on investment. Companies should gather data 

and use it for practical development and decision-making to significantly influence HR analytics. Many 

firms recognize the value of data in helping them identify and lease people with genuine potential. 

Kluemper, Rosen, and Mossholder (2012) found that an employee's IQ, personality tests, and structured 

interviews can be used to predict how well they will do their job and how they will act on the job. After 

considering legal and ethical considerations, these assessments may also be employed in the recruiting 

process because of their association with the candidate's Facebook profile. Best Buy uses HR analytics to 

forecast store performance every quarter by looking at employee engagement rates. It found, for instance, 

that for every one percent increase in employee engagement, there would be a one hundred thousand 

dollar gain in sales. (Erik van Vulpen n.d). 

 

The technology giant Hewlett-Packard (HP) implemented a solution in 2011 called "Flight Risk Score" to 

predict how many employees would leave the company. They discovered that pay raises, promotions, and 

positive reviews all have a detrimental impact on one another. If an employee receives a promotion but no 

pay increase, they are more inclined to look for a new job. HP developed a central hub for its HR managers, 

complete with crucial personnel data matrices shown in an easy-to-read dashboard format. In addition to 

predicting how employees would behave, predictive HR analysis may also forecast how they will 

contribute to the company's performance, saving millions of dollars annually. Ballinger, Cross, and 

Holtom investigated the effects of network structure on voluntary turnover in a 2016 study. The study's 

primary focus was on how business productivity is affected by employees' social networks. 

According to the study, an important factor in figuring out the frequency with which employees switch jobs 

is correlated with their network reputation, which opens doors to influential individuals. The brokerage 

acts as a moderating factor in terms of growth, innovation, and efficiency, as stated by Ballinger, Cross, 

and Holtom (2016). The primary finding of this research on employee turnover is that workers who have 

a larger social network have greater access to brokerage and reputation resources and are consequently 

more likely to leave their companies. 

In 2016, Mishra, Lama, and Pal investigated the application of predictive analytics to the field of human 
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resource analytics. By identifying and suggesting particular metrics that can be utilized for predictive 

modeling, the study discovered that HR predictive analytics has far-reaching effects on all areas of human 

resource management. It aids businesses in lowering the price of adopting HR-related changes, boosting 

productivity, and increasing employee engagement. Low talent retention and high attrition rates are 

linked, as shown by the study. 

Analytics in today's world scenario is no longer about getting fascinating evidence and 

reproaching it for supervisors, right now data is being processed to apprehend each magnitude of 

enterprise maneuvering, and analytical techniques are entrenched in for day-to-day efficacious conclusion 

building (Fineman, Tsuchida, & Collins, 2017). 

Alzhrani (2020) investigated the impact of collected data on HRP and the career development of 

candidates. For this data was collected from secondary sources such as online journals, newspapers, 

books, etc. it is concluded that HRP plays an important role in making an organization competitive in the 

current market by keeping healthy and easy to manage. It also points out the skill set of workers by which a 

company becomes more productive and innovative. 

 

Selvaraj and Rengamani (2018) studied the role of HRIS in Human resource planning and labor force 

tracking. For this data was collected from 127 respondents from 7 IT companies. It is concluded that there 

is a positive relation between using HRIS and the increased efficiency and effectiveness of HRP. This 

study also reveals that the most accepted feature of HRIS is to identify unfilled job positions. 

Das and Bhar (2018) investigated the manpower planning of microfinance industries. This data is 

collected from secondary data. It reveals a dynamics-based model from which the required number of 

manpower related to staff and managers at different levels can be evaluated. 

Kumar and Mishra (2014) researched on the relation between HR functions and HRIS for global 

competition. For this data was collected from secondary sources. It is revealed that some of the functions 

show a positive relation with HRIS such as performance management, Knowledge management, and 

records whereas some functions such as strategic integration, forecasting, and planning show a negative 

relation with HRIS. 

Google's HR analytics team has developed an evidence-based strategy to improve its recruitment and 

selection process by identifying several components of high performance that could foretell a candidate's 

likelihood of success through the use of cutting-edge HR technology to collect and analyze candidate and 

employee data (Harris et al., 2011; Shrivastava et al., 2018). 

 

Ore and Sposato (2022) investigated the implementation of HR analytics in the recruitment and selection 

process in multicultural MNCs. For this data was collected from interviews of 10 professional recruiters. 

It is reported that HR analytics with the help of artificial intelligence improves recruitment strategies 

whereas automation increases the fear of losing a job even though recruiters will always be humans. 

Kambur and Akar (2022) studied the implementation of artificial intelligence in the HR department. For 

this data was collected from 821 HR managers and employees from Turkey’s organization. It is concluded 

that AI releases monotony and stress to find an eligible candidate with the required qualification. 

McCartney, Murphy, and McCarthy (2021) investigated the competencies required in HR Analysts for the 

recruitment and selection process, HR development, and HR system alignment. For this data was collected 

from 110 HR analyst job profiles from 5 different countries. It is concluded that an HR analyst must 

possess technical knowledge, Consultancy quality, Data analysis and interpretation knowledge, business 

judgment, research, communication, and discovery nature for different HRM processes. 

Johnson, Stone, and Lukaszewski (2021) researched the challenges faced by the tourism industry related 

to recruiting and selecting eligible candidates, retaining employees, and reducing the time needed for 

hiring a replacement. For this data is collected from different industries of tourism. It is suggested that 

using eHRM and AI can reduce the time needed to recruit eligible candidates. It also helps to get better 

employee and organizational outcomes. 
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2.1 Gap Analysis 

Managers and senior executives must make important decisions every day to ensure the success of their 

enterprises. Many people make decisions based on intuition, out-of-date knowledge, 

personal experience, or a combination of the three, rather than using a variety of facts to support them 

(Rousseau and Barends, 2011; Baba and HakemZadeh, 2012). 

Organizations have started to use HR analytics as a result of the rising interest in the field. HR analytics 

teams have been created that are focused on leveraging workforce data to make strategic workforce 

choices (Rasmussen and Ulrich, 2015; Andersen, 2017; McIver et al., 2018). 

Despite the high level of interest in using HR analytics in practice, McIver et al. (2018) claim that there is 

still a lack of understanding of how businesses may benefit from and apply HR analytics to improve 

organizational performance. 

However, very little empirical evidence supports the impact HR analytics has on organizational decision-

making in the Indian context, particularly in the home appliance industry. 

 

3. Research Methodology 

In the era of information technology, most work is being simplified, accurate, and on time in almost every 

sphere of personal and professional life. Human resources practices are no exception in this case, and the 

buzzword is human resource analytics. Therefore, it is imperative to understand the practices under HR 

analytics and its impact on other HR functions. This study aims to find the impact of the HR Analytics 

(HRA) process on different levels of decision-making in the home appliances manufacturing industry in 

Pune. The research problem of this study is to get insight into analytics-based interventions used for 

predictive decision-making about various parameters that are pivotal to organizational operations with real 

and case-based practices adopted in the home appliances manufacturing industry in Pune. It also attempts 

to understand the possible threats and opportunities of implementing and using human resource analytics. 

 

3.1 Research Questions 

• What are the impacts of the HR Analytics (HRA) process on different levels of decision-making 

in the home appliances manufacturing industry in Pune? 

• What are the possible threats and opportunities of implementing and using human resource 

analytics? 

3.2 Research Objectives 

• To find the impact of the HR Analytics (HRA) process on different levels of decision-making in 

the home appliances manufacturing industry in Pune. 

• To find out the threats and opportunities of implementing and using human resource analytics. 

3.3  Proposed alternative hypotheses 

In this study, the Process of HRA consists of five steps - Analytics mindset, Preparedness with analytical 

capacity, availability of the database, Using HR Analytics, and Results and Interpretations; whereas the 

four levels of decision-making are – descriptive, diagnostic, predictive, and prescriptive. 

Based on the dimensions of both variables, the following alternate hypotheses are proposed – 

• H1 - There is a significant impact of the HRA process on descriptive decision-making in the 

home appliances manufacturing industry in Pune. 

• H2 - There is a significant impact of the HRA process on diagnostic decision-making in the 

manufacturing of home appliances in Pune. 

 

3.4 Research Design 

Descriptive research was used in this study to test the hypotheses listed above. Descriptive research is 

more formal and structured than exploratory research. This research’s findings are considered conclusive 

in nature (Malhotra & Dash, 2012). A descriptive survey design methodology was adopted. Both primary 
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and secondary data were used as a source of data for the research. A Single Cross-Sectional research 

design was used to collect data from target customers at one point in time, and the data would be analyzed 

to test the stated hypotheses. 

This study used deductive approaches. A deductive approach has been used in this research because the 

data is collected through the studies that have already been done and the theories that have already 

existed. The questions and objectives of the research are also formulated through the existing theories. 

 

4. Data Analysis & Interpretations 

 

4.1 Brief description of the measurement model techniques 

This measurement model consists of IV (independent variables) and DV (Dependent variables). In each 

variable, we describe the scales developed to measure the indicators of IV and DV. In addition, it will 

comprise the description of items and their major themes. We measured all scales and subscales on a 5-

point Likert scale (1-5); (1=strongly disagree, 2= disagree, 3= agree to some extent, 4= agree, 5= strongly 

agree). 

We describe the factor loading process and the status of which item of the respective scale was retained or 

dropped. Next, we presented the descriptive statistics of each item of all scales. And finally, we provided 

the psychometric properties of measurement scales. 

We calculated central tendency (Mean and Mode) and dispersion (range and standard deviation) as part of 

each scale's descriptive properties. We considered the normality of data if Mean≥2SD. 

Furthermore, we calculated the skewness and Kurtosis of each item of all scales to estimate normality. 

 

Table 4.2 

 

Psychometric property and status of retaining and removal of scale items of Preparedness with 

analytical capacity (PAC) 

 
Preparedness with analytical capacity (PAC) 

Item 

name 

Scale item description M SD Mo Min- 

Max 

SK K λ Retained/ 

dropped 

PAC1 My organization conducted 

groundwork on their inputs in the 

analytics journey 

4.27 .95 5 1-5 -1.73 3.40 0.82 Retained 

PAC2 My HR team has enough 

technological capacity 

4.21 .98 5 1-5 -1.54 2.46 0.86 Retained 

PAC3 My organization has skillful human 

resources for using HR analytics 

4.15 .97 5 1-5 -1.34 1.83 0.84 Retained 

PAC4 We can align the goals of HR 

Analytics with business-level strategy. 

4.38 .87 5 1-5 -2.05 5.23 0.83 Retained 

PAC5 A full array of HR analytical tools is 

available at my work 

4.14 .98 5 1-5 -1.49 2.52 0.89 Retained 

PAC6 Our organization invested quite 

heavily in HR Analytical tools. 

4.01 1.07 5 1-5 -1.16 1.06 0.82 Retained 

PAC7 The organization provides a lot of 

opportunities to use HR Analytical 

tools 

4.18 .98 5 1-5 -1.53 2.63 0.88 Retained 
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PAC8 Top management initiated some 

policy changes to adopt HR Analytics 

4.23 .94 5 1-5 -1.50 2.56 0.84 Retained 

Note. M: Mean; SD: Standard deviation; Mo: Mode Min: Minimum, Max: Maximum, SK: Skewness; K: 

Kurtosis; λ: Factor loading 

 

 4.3 Testing of hypothesis-1 
H1: There will be a significant impact of HRAP (HR analytics process) on descriptive decision-making 

(DECA) in the home appliance manufacturing industry in Pune. 

 

Equation-1: Y1(DECA) = β0X0+ β1X1 (HRAP) + C1 

 

H1: The first method: Simple regression equation 

Using simple linear regression, we tested only a single outcome variable against only an explanatory 

variable (HRAP). In table 1, we elaborated on the results of simple linear regression. Parallelly, we 

adopted the ANOVA method for further confirmation of the proposed hypotheses. The results of 

ANOVA are described in Table 3.2. 

In the first hypothesis, the first outcome variable was DECA (descriptive analytics decision). The value of 

(= .114) suggests that descriptive decision was increasing even when the HR analytics process was not 

started, which means when the value of HRAP was zero. The positive correlation between HRAP and 

DECA (r =.93) suggests a strong correlation between HRAP and DECA. Since correlation is a two-way 

relation, we have to confirm a one-way association using a regression equation. One unit change in HRAP 

brings 0.168 changes in DECA, which is shown in (β1 = .168). The standardized beta in this equation 

(Standardized β= 0.937), which is also an indicator of an effect size of this relation, shows a high effect 

size. The ‘T’ value (t= 33.24) is 17 times higher than a minimum critical value of ‘t’ at an infinite degree 

of freedom (1.96). The higher ‘t’ value is also indicative of a highly significant relation. This equation is 

highly statistically significant (p=0.0000) at a 99.99999% confidence interval. 

The R square value (R2= 0.87) indicates that the independent variable HR analytics process explains the 

outcome variable DECA (Descriptive analytics decision) 87%. Rest, 13% are other variables that are 

influencing the DECA. Thus, considering all beta, standardized beta, effect size, t-value, p-value, and 

value of R square suggests that this hypothesis is accepted (Table 4.2). 

 

For further confirmation of the acceptance of 

H1 : (HRAP→ DECA; Y1(DECA) = β0X0+ β1X1 (HRAP) + C1  we adopted the method of ANOVA 

(Analysis of Variance) 

The between-group sum of squares (SS=4494.16, df=1) and the within-group sum of squares (SS= 621.98, 

df=153). The mean sum of squares between groups and within groups were 4494.6 and 4.06, respectively. 

Therefore, the ratio of the mean sum of squares between groups and within groups was (F=1105.49, df=1, 

153), which is highly significant at 

(p=0.000***). Therefore, even after using the ANOVA method, the H1 : (HRAP→ DECA; 

Y1(DECA) = β0X0+ β1X1 (HRAP) + C1) is accepted. The ANOVA method further confirms the 

acceptance of H1 (Table 4.2). 

 

Table: 4.3 

 Psychometric property and status of retaining and removal of scale items of Preparedness with 

analytical capacity (PAC) 

Preparedness with analytical capacity (PAC) 



Tuijin Jishu/Journal of Propulsion Technology   
ISSN: 1001-4055   
Vol. 44 No. 3 (2023)   
___________________________________________________________________________________________ 
 

2979 
 

Item 

name 

Scale item description M SD Mo Min- 

Max 

SK K λ Retained/ 

dropped 

PAC1 My organization conducted groundwork 

on their inputs in the analytics journey 

4.27 .95 5 1-5 -1.73 3.40 0.82 Retained 

PAC2 My HR team has enough technological 

capacity 

4.21 .98 5 1-5 -1.54 2.46 0.86 Retained 

PAC3 My organization has skillful human 

resources for using HR analytics 

4.15 .97 5 1-5 -1.34 1.83 0.84 Retained 

PAC4 We can align the goals of HR Analytics 

with business-level strategy. 

4.38 .87 5 1-5 -2.05 5.23 0.83 Retained 

PAC5 A full array of HR analytical tools is 

available at my work 

4.14 .98 5 1-5 -1.49 2.52 0.89 Retained 

PAC6 Our organization invested quite heavily 

in HR Analytical tools. 

4.01 1.07 5 1-5 -1.16 1.06 0.82 Retained 

PAC7 The organization provides a lot of 

opportunities to use HR Analytical tools 

4.18 .98 5 1-5 -1.53 2.63 0.88 Retained 

PAC8 Top management initiated some policy 

changes to adopt HR Analytics 

4.23 .94 5 1-5 -1.50 2.56 0.84 Retained 

Note. M: Mean; SD: Standard deviation; Mo: Mode Min: Minimum, Max: Maximum, SK: Skewness; K: 

Kurtosis; λ: Factor loading 

 

4.3 H2: Testing of Hypothesis-2 

The second hypothesis is about testing the influence of HRAP on diagnostic decision-making (DIGA). H2 

: (HRAP→ DIGA; Y1(DIGA) = β0X0+ β1X1 (HRAP) + C1) 

 

H2: The first method: Simple regression equation 

This equation (β0= 11.58) shows that there were 11.58 changes in DIGA when HRAP was not functional. 

With each one unit change in HRAP, there were 0.067-unit changes noted, as is evident from (β1= 0.067). 

The value of standardized beta (Standardized β= 0.734) was higher than 0.50, which means a high effect 

size. The standardized beta is also a test of effect size in the regression model. The T value (t=13.37) is 

seven times higher than the minimum acceptable value of T (1.96), indicative of high statistical 

significance. The correlation between HRAP and DIGA is 0.73 showing high positive two-way relations. 

This correlation is also equal to standardized beta. The one regression relation of HRAP as the explanatory 

variable and DIGA and outcome variable is statistically significant at alpha value (α= 0.0001, p = 

0.0000***) at a 99.9999% confidence interval. 

The impact of HRAP on DIGA is 53% which is shown in the value of R square (R2=0.53). It also means 

rest 47% of other factors are impacting DIGA apart from HRAP. Therefore, the standardized beta values, 

T value, effect size, Pearson correlation coefficient, R square, and P value suggest the high acceptance of 

hypothesis 2. 

HRAP greatly influences the diagnostic analytics decision process (DIGA) (Table 4.3). 

 

H2: The second method: Uses of the ANOVA test 

The result of the ANOVA test is as follows. The sum of squares between groups with (df=1) is 717.58, 

and the sum of squares within groups (df=153) is 613.83. Thus, the calculated mean sum of the square 

between the group is 717.58 and within the group (613.83/153= 4.01). After dividing the mean sum of the 

square between the group and the mean sum of the square within the group, we get the F test value (F= 

178.86, df=1, 153). This F test is also a regression coefficient and residuals ratio, which is highly 
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significant at (p=0.0000***). 

The ANOVA test also confirms the positive effect of HRAP on DIGA in one way. Thus, the second 

hypothesis is accepted (H2 : (HRAP→ DIGA; Y1(DIGA) = β0X0+ β1X1 (HRAP) + C1) with ANOVA test as 

well. 

 

5. Conclusion and Recommendations 

The evaluation of the major influence that the HR analytics process has on the decision-making processes 

is the primary purpose of this research. The current investigation operationalizes four separate decision-

making processes, which are as follows: the descriptive analytics decision-making process; the diagnostic 

analytics decision-making process; the predictive decision-making process; and the prescriptive decision-

making process. 

After establishing the reliability and validity of prepared tools. We moved further on hypothesis testing. 

We further separated the main goal into two hypotheses to better understand it. The first thing that we did 

was integrate two distinct outcome factors into a single predictor variable. This was the first step in our 

analysis. Then, after completing an exhaustive examination of the existing research pertinent to our 

investigation, we formulated two more hypotheses. 

We put the hypotheses to the test using four different approaches, and we discovered that the outcomes of 

each approach were consistent with one another. This provides more evidence that the integrity of the 

data obtained utilizing numerous methods has been confirmed. We used procedures that involved two 

steps: (1) Carrying out a single linear regression with the use of SPSS, (2) Applying the ANOVA 

methodology within SPSS, 

The conclusions are described briefly, answering each hypothesis. 

1. H1: HRAP (HR analytics process) will significantly impact descriptive decision-making 

(DECA) in the home appliance manufacturing industry in Pune. 

Conclusion-1: The HR analytics process (HRAP) significantly predicts descriptive decision-making 

(DECA). Therefore hypothesis 1 is accepted. 

2. H2: HRAP (HR analytics process) will significantly impact diagnostic decision-making 

(DIGA) in the home appliance manufacturing industry in Pune. 

Conclusion-2: The HR analytics process (HRAP) significantly determines diagnostic decision-making. 

Therefore, hypothesis 2 is accepted. 
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