
 

 

Employing Human Resources Analytics Tools to 
improve employee recruitment and selection in a 

large South African financial services provider 

 

 

 

Yuvisthi Ramouthar 

Student Number: 10925 

 
 
 

Dissertation submitted in partial fulfilment of the requirements for the degree 

Master of Management in Technology and Innovation 

at 

The Da Vinci Institute for Technology Management 

 

Supervisor: JJ Mgwenya, PhD 

2020 

                                               

 

chris
Highlight



 

ii 

Declaration of Authenticity 

 

I declare that the research project, Employing Human Resources Analytics Tools to improve employee 
recruitment and selection in a large South African financial services provider, is my own work and that 
each source of information used has been acknowledged by means of a complete Harvard Referencing 
System. This dissertation has not been submitted before for any other research project, degree, or 
examination at any university.  

 

 

…………………………………….   

(Signature of student) 

 

 

…………………………………….   

(Date) 

 

 

. . . . . . . . . . .. . . . . . . . . . . . . . . . . . . . ., South Africa  

(Cape Town) 

 

 

 
  



 

iii 

Da Vinci Copyright Information 

 

This dissertation may not be published either in part (in scholarly, scientific or technical journals), or 
as a whole (as a monograph), by the researcher or any other person unless permission has been 
obtained from The Da Vinci Institute. 

 

I agree that I have read and that I understand the copyright notice. 

 

 

 

…………………………………….   

(Signature of student) 

 

 

…………………………………….   

(Date) 

 

  



 

iv 

Acknowledgements 

 

I have the deepest gratitude and appreciation to my family for encouraging me and supporting me 
through this journey. To my husband, thank you for bearing with me through this ride and for the 
unwavering support. To my son who was just a year old when I embarked on this journey – you have 
shown me that I can be a great mom and a superwoman as well and being so forgiving for the moments 
I have missed with you. To my brothers, who have stepped in to help with my son while I buried myself 
into my study, I tremendously appreciate all your help. 

Mata, pita, guru daivam! Meaning praise to your mother, father, teacher and the divine!  

A dedication to my late parents to say thank you for instilling a culture of dedication, commitment, 
and persistence in me and keeping me grounded in family and faith. To my mother and father in law, 
thank you for being immensely understanding and supportive.  

To this, I must thank those along the journey who have ensured that I persevere, learn, and grow my 
understanding. To my supervisor Dr John Mgwenya, for your assistance, guidance, and wisdom, I thank 
you. I appreciate your arduous work, your help in guiding my study, your valuable input, and for always 
giving me prompt feedback and motivating me to push hard. 

I thank my manager who has given me tremendous support and my colleagues for their continuous 
motivation in this journey and encouragement along the way. Lastly, is a big thank you to the Human 
Resources Heads in the organisation who supported my study with approval of surveying their 
employees and gratitude to every participant who completed the questionnaire.  

Contributions of everyone has given to me on this journey has directly contributed to the completion 
of this study. 

  



 

v 

Abstract 

With the growing need for data and automation for the fourth industrial revolution and the growing 
pressures from increased unemployment levels, the organisation under study has a small talent 
sourcing team that has to fill numerous vacancies, each receiving from 50 to 1000’s of applications. 
The screening and shortlisting process is strained due to large volumes of applications and affects the 
ability to fill a role with the best candidate possible.  

The study examined the impact analytics has on the recruitment and selection process. The primary 
aim of the study was to determine whether the adoption of human resources analytics could improve 
the recruitment and selection of candidates for job positions. Respondents in the organisation, who 
were either a talent sourcing specialist or a hiring line manager, were requested to complete an online 
survey which contained a close-ended question using Likert rating scales.   

Using a deductive approach to research, the results of the study were analysed using descriptive and 
inferential statistics. The results reported high levels of agreement for the use of analytics in the 
sourcing and screening stages of recruitment. When overlaying the constructs of the Technology 
Acceptance Model – TAM3, the results showed many constructs with significant correlations with each 
other and showing positive correlations with improved recruitment, decreased unconscious bias, and 
improvement on the quality of hires. 

 The results of the study, therefore, support the hypothesis that analytics can improve the recruitment 
and selection of candidates. However, future research is suggested to explore the extent of such 
adoption of analytics on the recruitment and selection value chain. 

Keywords: HR Analytics, Analytics, Technology Acceptance Model, Recruitment, Recruitment analytics 
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Definitions of Terms 

Term Definition 
Analytics A process by which a computer examines information using mathematical 

methods to find useful patterns. Through analysis, meaningless data and 
numbers can be transformed into useful insights (Augur, 2016; Oxford 
Dictionaries Online, 2018).  
  

Data mining The process of discovering interesting and useful patterns, relationships, and 
insight in large volumes of data and large datasets. This is a highly analytical 
process that emphasizes making use of large datasets (Augur, 2016; Clifton, 
2018).  
  

Descriptive 
analytics 

This uses the data to tell us what has happened until the present. There might be 
trends but it cannot always be used to predict the future (Fitz-enz & Mattox II, 
2014:xviii). 
  

HR Analytics HRA is about analysing human resource (HR) related data in a systematic way to 
make better business decisions (Madsen & Slatten, 2017).   
  

Machine 
learning 

Machine learning automates analytical model building and relies on a machine’s 
ability to adapt and actively learn and improve each time new data is processed. 
It is a set of algorithms that operate over sets of vectors that associate a 
collection of predictor features, often referred to as attributes, with an outcome 
feature (Augur, 2016; Lang, Siemens, Wise & Gašević, 2017). 
  

Operational 
reporting 

Reports generated from historical data usually used to report on operational 
productivity.  
  

Predictive 
analytics 

A group of tools used to provide clues to a possible future outcome based on the 
past data and knowledge of changing market demands to predict future events 
(Fitz-enz & Mattox II, 2014; Lang et al., 2017).  
  

Prescriptive 
analytics 

Provides suggestions on how to optimise the future by providing insight into how 
a change will affect the future (Fitz-enz & Mattox II, 2014:xviii). 
  

Recruitment The action of finding new people to join an organisation (Recruitment, 2018). 
  

Recruitment 
analytics 

The use of analytics finds the right candidate with the right skill set with the 
potentiality of staying longer with the organisation (Anand & Kar, 2014). 
  

Selection The action of carefully choosing someone being the most suitable (Selection, 
2018).  

Talent 
Analytics 

The application of HR Analytics on talent acquisition. This term is often used 
interchangeably with Recruitment analytics. 
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Chapter 1: Introduction 

1.0 Introduction 

This study aimed to explore the innovative introduction of human resources analytics tools to improve 
employee recruitment and selection in a large South African financial services provider. The context 
and rationale to introduce innovative tools are premised on the historical data in the next paragraphs.  

Current literature on employment statistics across the globe reveals that there were 192 million people 
unemployed, while a further 1.4 billion people are considered to be in vulnerable jobs and were at risk 
of unemployment (ILO, 2018:1). Locally, the unemployment rate in South Africa at the end of the first 
quarter of 2018 was 26.7% (Stats SA, 2018:1). In 2019, South Africa recorded a youth unemployment 
of 57.1% ranked as the highest in the world (The World Bank, 2020).  

High unemployment was not limited to South Africa only. For instance, in May 2018, high 
unemployment in India was attributed to the large volume of over 25 million applications which were 
received to just 100 000 job openings posted by Indian Railways in India (Dasgupta, 2018; Haider & 
Poonam, 2018; Krishna, 2018).  

Further evidence of high volumes of applications was also observed by the Humberside Police in the 
United Kingdom, where 900 positions were advertised and subsequently received 4300 applications  
(Winter, 2018). Similarly, a new branch of Costa coffee opened in the United Kingdom and had just 8 
job openings but received more than 1700 applications, attributable to high levels of unemployment 
(Shute, 2013; The Guardian, 2013; Williams, 2013).  

Furthermore, with the fourth industrial revolution approaching, and characterised by rapid advances 
in technology, there is then going to be a growing pool of employees displaced from their jobs (Schwab, 
2016; World Economic Forum, 2016). In this context, The World Economic Forum states that as the 
changes of the fourth industrial revolution become evident, there is expected impact of significance 
on jobs in the form of job creation and job losses with extremes of improved productivity to large skills 
shortfalls (World Economic Forum, 2016:3).  

Given the prospects of a growing pool of applicants, a typical recruiter screens on average 250 resumes 
per vacancy (Sulivan, 2013). Kozan (2017) estimated that 65% of applications to jobs that were 
considered high volume were ignored and that 75% - 88% of applications were unqualified.   

These statistics cited above, have a negative effect on the effectiveness of a recruiter. Against this 
background, the researcher contends that the pool of job seekers in South Africa is significant and may 
grow even further. Considering the active job seekers applying for work, the limits of the recruitment 
and selection processes are being tested with the receipt of large volumes of applications unless an 
appropriate timeous intervention is taken. The need to use analytics tools to improve employee 
recruitment and selection becomes urgent and necessary. The researcher explored this possibility 
further by providing more literature facts on the background and context of the research focus area. 

There are a few key concepts and terms often referred to in the study. The definitions for these terms 
are defined next. 
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1.1 Definition of key concepts 

 

Analytics is a process in which data is analysed to find useful patterns which improve decision making, 
reducing risks, and revealing insights (Manyika, Chui, Brown et al., 2011; Oxford Dictionaries Online, 
2018).  

Artificial Intelligence (AI) is an area in computer science that focuses on the creation of intelligence 
machine and computer-controlled robots that emulate intelligent behaviour and tasks associated with 
humans (West, 2018). 

Data mining is the process of discovering interesting and useful patterns and relationships in large 
volumes of data (Clifton, 2018). 

Machine learning is a part of artificial intelligence and supports the learning of new behaviours without 
supervision to identify patterns in empirical data (Philip Chen & Zhang, 2014). 

Recruitment is the action of finding new people to join an organization (Recruitment, 2018).  

Selection as per (Selection, 2018) is the action of carefully choosing someone being the most suitable. 

 

 Background  

The synthesis of recruitment in the current literature identifies three main categories, namely, the aim 
of recruitment, the pitfalls of recruitment and the need for information in recruitment. In general, the 
aim of recruitment is hiring the best-fit person for the role to gain a competitive advantage (Drucker, 
2001:113; Boxall, Purcell & Wright, 2003; Catano, Wiesner, Hacket & Methot, 2009).  

In the same vein, Compton, Morrissey and Nankervis (2009) stated that recruitment is important in 
finding the right people at the right time and place. Barber (1998) added that the recruitment strategy 
should not be confined to sourcing potential employees to fill the position, but must include selecting 
the correct employee who will have a positive impact on the culture of the organisation. 

In alignment with the above discussion, Boxall, Purcell and Wright (2007:273) described recruitment 
as the activities, practices, and steps that an organisation takes with the aim to identify and attract 
suitable potential employees. The screening of the applications is prone to some biases as the recruiter 
may de-select a candidate even though they meet the requirements. De-selection may be based on 
the unconscious bias and gut feel that may influence their assessment of a candidate (Drucker, 
2001:114; Halvorson, 2015).  Beattie and Johnson (2012a) and Braathen and Sorensen (2017)  concur 
with the notion of the possible effects of unconscious bias in the recruitment and selection process. 

Intricately linked to the current study, is the notion of innovative thinking and the use of appropriate 
recruitment tools. To this end, Drucker(1985:20) mentions how one should search for opportunities 
for innovation and to the changes and impacts of those and then leverage those opportunities to 
implement successful innovation. Later, Drucker (2001:90,97) refers to the sharing of information 
across companies, even though people tend to resist sharing, to leverage off the insight of collective 



 

3 

data and applying the insights to enrich the company’s recruitment strategy and outlook. Aligned to 
innovative thinking, Boxall et al. (2007)  promote the recruiting and selection of specialist roles in HRM. 

The use of information to analyse processes to derive insight has one of the early applications in the 
19th century when Frederick Winslow Taylor applied analytics in his time and motion studies as 
summarised by Delen (2015). Dalen further identified how insight from information was applied when 
Henry Ford started the mass-production initiatives by measuring the pacing of the assembly lines to 
speed up production times. Furthermore, Delen (2015) details how the use of analytics has evolved 
from being key in decision support systems in the 1960s to the use of mixed information because of a 
shift in the data sources with a wider pool of data inputs coming from smart devices, wearables, and 
social media in the 2000s creating an opportunity for additional inputs into analytics models. 

Analytics, as data and insights too, comprises three levels namely the descriptive value level, the 
predictive value level and the prescriptive value level (Anand & Kar, 2014; Fitz-enz & Mattox II, 2014; 
Delen, 2015) as visualised in Figure 1.1 below.  The levels as described are key in understanding the 
levels of usage and applications of data. 

 
(2014 :9) 

Figure 1.1: Data analysis levels. (Source: adapted from Fitz-enz & Mattox II,2014:9) 

In Figure 1.1 (Fitz-enz & Mattox II, 2014:9), descriptive analytics is the lowest levels of analytics that 
describes relationships and current and historical patterns found in the data. The second level of 
analytics is the use of statistical techniques to use the current facts and historical information to then 
derive a prediction about the future. The third level of analytics is prescriptive analytics which will 
determine the decision of options of the outcomes of the future therefore not just predicting but 
predicting the decisions required to reach a certain future. 
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In addition, Anand and Kar (2014) state that predictive analytics helps to generate meaningful data 
and insights for the future of the organisation. “Effective use of analytics and metrics may be the 
biggest contributor to the building of great, sustainable organisations” (Ulrich, Schiemann & Sartain, 
2015:279). In the same vein, the use of analytics at Shell in screening applicants to the graduate 
programme as highlighted by (Roberts, 2018) was a successful use case of analytics for recruitment. 
The more famously referenced case was that of the analytics used at Wells Fargo for effectively hiring 
candidates that will perform better as summarised by (Kuehner-Hebert, 2013). The well-published 
example of Amazon’s artificial intelligence (AI) recruitment system that was recently stopped as it 
started reflecting bias in selection(Vincent, 2018). The application of analytics in the discipline of 
human resources is referred to hereafter as Human Resources (HR) analytics.  

However, there is very little academic literature on the effectiveness of analytics in recruitment or the 
use cases that are often referred to in the plethora of marketing information by analytics vendors. The 
organisational context that follows helps to emphasise the relevance of the current study. 

 Context  

In January 2020, one of the large financial services providers in South Africa had in excess of 33 000 
employees (Williams, 2020). With a staff attrition rate of 8.25%, there is an average of 260 employees 
exiting the organisation every month (Williams, 2020). To add, the organisation also recruited 
approximately 480 new employees monthly. As a result, the organisation had a steady movement of 
people entering and exiting the organisation. 

The cost to recruit an employee with the use of a recruitment agency carried a cost of 20% to 30% of 
the successful hire’s salary, together with other costs of the recruitment process and training (Gordon, 
2008:48). To further evaluate the full cost to the organisation of placing a new employee, the cost of 
a poor hiring decision can be 30% of the employee’s annual salary (Hollman & Abbassi, 2000; Lorincová, 
2015). Based on the organisations rate of hire and the attrition rate, a significant financial investment 
is placed in the recruitment process. 

To support the organisation’s recruitment requirements for the right employees, there are more than 
1664 positions that were vacant as of February 2020 (Williams, 2020). As of February 2020, there were 
over 350 000 applications by prospective applicants to the 1664 positions that were advertised and 
not filled.  

Table 1.1: Volume of applications received per occupational level (Source: Williams, 2020)  

Occupational Levels Number of 
applications  

Senior Management 
5 246 

Professionally Qualified & experienced specialists; mid-management  
105 062 

Skilled Technical & Academically Qualified; Junior Management 
201 989 

Semi-Skilled & discretionary decision-making 
38 444 

Unskilled & defined decision-making 
1 
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The distribution of the volumes of applications in Table 1.1 (Williams, 2020) indicates that the largest 
volumes of applications are at the junior roles to mid-management roles which relate to the intense 
recruitment screening required for non-specialist and non-management roles. Table 1.1 above reflects 
that the largest number of applications are for positions at junior management level with 201 989 
applications, followed by middle management at 105 062 applications, and the semi-skilled 
occupational level positions with 38 444 applications.  

The responsibility of screening of all the applications in the organisation rests with just 142 personnel, 
comprising talent sourcing specialists, recruitment managers and human resources co-ordinators 
(Williams, 2020). The recruitment team in the organisation have the task then to make the decision if 
the application is suitable to proceed to the next steps. Making the correct decision is critical in the 
effective functioning of the organisation (Drucker Institute, 2017).  

The organisation drives innovation as a key value proposition, therefore, many innovative solutions 
are proposed for the improvement of the recruitment and selection process. The rapid changes in 
technology result in a multitude of options yet there is minimal innovation of the recruitment and 
selection process in the organisation. 

The researcher sought to identify a gap in the literature to understand the ease with which the new 
analytics tools are being adopted and utilised. In the face of the growing use of analytics in the current 
technological age, there seems to be a lack of use of appropriate HR analytic tools used to facilitate 
employee recruitment and selection in the face of high volumes of job applications. The ontological 
discourse is appropriate at this stage in order to position the researcher in a vantage point to conduct 
the envisaged study. 

 Ontology and epistemology 

Ontology is a key concept underpinning the rationale for the current study and requires further 
discussion. Guba (1990:17) describes a person’s worldview as the foundation of beliefs that actions 
are founded on. Crotty (1998) later referred to this worldview as an ontology.  Ontology, as described 
by Creswell  (Creswell, 2009a), is a researcher’s general belief and philosophical system with regard to 
how the researchers’ world view relates to the manner in which a researcher orientates a study. 
Another related concept is philosophic realism and is described by  Phillips (1987:205)  as a view that 
entities exist regardless of perceptions or interpretations and is therefore factual view. The basic tenet 
of realism is that the world exists independently of our thoughts about it (Sayer, 2000:10). 

Similarly,  Maxwell (2010)  adds that critical realists retain an ontological realism as a realist while 
accepting a form of epistemological constructivism and relativism.  Epistemology is shaped and formed 
by how we interpret the world from an individual perspective. With the different forms of realism, 
there is no possibility of attaining a single, correct, or absolute understanding of the world as the 
interpretation of the world is different for each person sensing it and therefore sensing the same 
experience differently. Further, Bhaskar (1998) describes critical realism as a reality that exists 
independently of our thinking and the reality is also partly constructed by ourselves and our own 
perspective and biases.  

The researcher is an information technology professional with experience in analytics in human 
resources and plays a role as a data scientist. Therefore, the researcher may have been biased toward 
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the use of data and the application of analytics for human resources decisions. The researcher, 
therefore, endeavoured to approach the study with minimal conscious biases.  

The ontological assumption of the researcher was that the analysis of data can be used to derive 
insight, and therefore relies on the additional interrogation of data. The researcher acknowledged that 
further interpretation of data may lead to deeper meaning, and therefore the ontological assumption 
of the researcher was that of a critical realist. The problem statement summarises the rationale for the 
study. 

 Epistemology   

The epistemology is the study of the use knowledge and justified beliefs to explain how we know what 
we know (Edwards, 1971; Ravetz, 1996; Guba & Lincoln, 2005; Borchert, 2006; Bengson & Moffett, 
2012; Ryan, 2015; Schwandt, 2015; Bergman, 2016; Neta & Steup, 2018). Comte (1865:3) developed 
the epistemological view of positivism and the aim of positivism was to be able to ground our 
conceptions of life in science and fact-based interpretations. Positivism is the epistemological view 
that only authentic knowledge is when a single reality exists and is measurable in view of scientific 
knowledge and the confirmation of the theories should be done so with the use of scientific methods 
which are independent of the researcher, and therefore the only valid knowledge is scientific and 
measurable from observation (DiVanna, 2012;  Schwandt, 2015). 

Post-positivism is a metatheoretical stance on positivism (Bergman, 2016). A post-positivist researcher 
believes that human knowledge is not just based on measurements but rather on human conjectures, 
which can be modified or withdrawn, on what the objective truth and objective reality means 
(Creswell, 2009).  Post-positivists believe that reality exists, but believe reality can be known only 
imperfectly and probabilistically as the behaviour, biases, and actions of humans are taken into 
consideration (Lindlof & Taylor, 2002).  

The researcher ascribed to post-positivism as the quantitative nature of the study informed a 
generalisable view, however, the post-positivist view of the of assessing the absolute truth to access 
that the truth of the study is not universal due to the limitations of the study and scope and therefore 
the assumptions are that the results may be representative but not absolute (Creswell, 2009:6). The 
results of the study, therefore, represent the general view of recruiters and managers and was 
measurable in a statistically significant manner but the results do not imply causal relationships to the 
outcome thus not absolute. 

The researcher subscribed to the epistemological assumptions associated with post-positivism. This 
lens was used to provide a view based on observation and the ontology of the researcher being that 
of critical realism. The reality of the outcome was measurable, however, influenced by the bias of the 
researcher and therefore the lens of post-positivism was most suitable. 

 Problem Statement 

It has been noted that organisations that invest in analytics in recruitment seemed to realise above-
average improvements in employee engagement, performance, and profitability, yet only 17 percent 
of the 1 000 organisations surveyed had embraced these innovations (Deloitte’s Bersin Finds Effective 
Use of People Analytics Is Strongly Related to Improved Talent and Business Outcomes, 2017).  The 
organisation under study is known for being innovative and leading the technology spectrum for 
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customer-facing solutions, however, there is some hesitation to employ such technologies on the 
recruitment and selection process.  

Even though the organisation has designed technologically savvy tools for candidates to apply for job 
roles in the organisation, the internal recruitment and selection processes have not evolved resulting 
in a burdened and onerous recruitment and selection process impacting the organisation's ability to 
respond quickly to resource requirements that emanate. Therefore, the problem statement, based on 
the background and context above, is the inability of recruiters to use data to improve the efficiency of 
the selection of a suitable candidate for a job position. 

 Research Aim and Objectives 

The study aimed to determine whether the adoption of human resources analytics can improve the 
recruitment and selection of candidates for job positions. The researcher intended to determine the 
correlation between the use of human analytics and improved selection process. Table 1.2 identifies 
the research problem, the aim of the study and the objectives of the study.  

Table 1.2: Research Summary 

Research Problem:  

The problem that the study intended to address is the inability of recruiters to use data to improve 
the selection of a suitable candidate for a job position.  

Aim: 
 
The aim of the study was to determine 
whether the adoption of human resources 
analytics can improve the recruitment and 
selection of candidates for job positions. 

Primary Research Question: 
 
Can recruitment and selection be improved using 
HR Analytics?  

Null hypothesis(H0): 

The use of HR Analytics has no impact on improving 
the recruitment and selection process in selecting 
the most suitable candidate/s for a role. 

Hypothesis(H1):  

The use of HR Analytics can aid the recruitment and 
selection process in selecting the most suitable 
candidate/s for a role. 

Alternative hypothesis (Ha) 

The use of HR Analytics can negatively influence the 
recruitment and selection process in selecting the 
most suitable candidate/s for a role. 

Objectives: Secondary Research Questions: 

Objective 1:  
 

Sub-questions for Objective 1: 
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To understand key concepts and constructs 
underpinning human resources management 
and the use of analytics in the recruitment 
and selection process (literature review) 

1. What are the tools and constructs that comprise 
the recruitment and selection process? 

2. What factors may influence the use of Analytics 
as a tool in recruitment selection? 

3. How does recruitment and selection leverage of 
analytics to form a recruitment decision? 

 
Objective 2:  Sub-questions for Objective 2: 

To investigate the extent to which the 
recruiter’s adoption of HR Analytics to inform 
the selection of candidates is correlated. (Data 
Collection) 

 
1. How many recruiters and line managers believe 
that HR Data and analytics has a place in 
recruitment? 
 
2. How much of a positive impact will HR data and 
analytics have on recruitment? 
 
3. How much will the quality of hire improve with 
the use of HR data and analytics? 
  

Objective 3:  Sub-questions for objective 3: 

To integrate the research results and 
comparative literature analysis to validate the 
research question and hypothesis.  

1. What is the correlation between the factors 
affecting the current recruitment and selection 
process and the adoption of HR Analytics?  

Objective 4:  Sub-question for objective 4: 

To extrapolate research results and make 
recommendations for future application and 
further investigation.   

1. Is the usage of HR Analytics for recruitment and 
selection affected by factors that are experienced 
by stakeholders involved in the recruitment 
process?  

The researcher was interested in studying the use of analytics in the recruitment and selection to 
establish the factors (if any) which were impacting the adoption of analytics in recruitment and 
selection. The study focused on the factors impacting the adoption of HR Analytics by recruiters. 

 Theory Development: Reasoning 

The theory development followed on the focus of the aim of the study. The aim of the study was, 
broadly, to determine whether the adoption of human resources (HR) analytics could improve the 
recruitment and selection of candidates. The study aimed to determine the factors that impacted the 
adoption by use and view of HR Analytics in the recruitment and selection of candidates by determining 
the correlation between the use of HR Analytics and improved selection process. In line with the 
ontological view of the researcher with critical realist beliefs and an epistemological stance of a post-
positivist, the research followed a deductive approach to theory development. 
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With the use of deductive reasoning, the study proposed premises upon which through deductive 
reasoning was used to assess if the study rejects or fails to reject (Ha) the hypothesis(H1). The research 
was be structured to test the hypothesis that the use of analytics in recruitment and selection is 
possible however there is a lack of use. The deductive approach was be used to draw inferences on 
premises which were true by experiment on data to then validate if the research aim was true or false. 
As the researcher is a critical realist and the epistemological stance was that of a post-positivist. 

Figure 1.1: The deduction process. (Source: Adapted from Dudovskiy, 2018) 

The approach for theory development aimed for the results of the study to be generalisable and the 
data collection would evaluate if the theory is true or false as summarised in Figure 1.2 above. The 
deduction process in Figure 1.2 (Dudovskiy, 2018) shows the research methodology steps that were 
undertaken from the theory of the study, having tested various hypotheses, observed the results, and 
then confirmed or rejected the hypotheses.  

To test the hypothesis, the following elements comprised the following dependent and independent 
variables for the theory development: 

I. Dependent variable (DV) – Improved recruitment and Selection of a candidate 
II. Dependent variable (DV) - Suitable Candidate 

III. Independent variable (IV) - Data and Analytics 

The theory development for the deduction process followed as: 

I. Theory:  With the use of data, HR Analytics can aid the recruitment and selection process in 
selecting the most suitable candidate/s to a role from hundreds to thousands of applications. 

II. Hypothesis:  With the use of data, determine if each of the premises are true. 
a) Premise 1 (P1): Data can provide insight into an applicant  

 
b) Premise 2 (P2): Analytics can guide the selection of an applicant 

 
c) Premise 3 (P3): Analytics in recruitment will improve quality of hire 

 
d) Premise 4 (P4): Analytics in recruitment reduces the recruiter bias. 

 
III. Observation: Determine the conclusion. HR Analytics can aid the recruitment and selection 

process for the most suitable candidate/s is true if all the premises P1, P2, P3, and P4 were true. 
IV. Confirmation or rejection:  If all four premises above are true, then the hypothesis(H1) was 

true failing which then the alternative hypothesis (Ha) or null hypothesis (H0) were true. 
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 Theoretical Frameworks 

The theoretical framework is a critical aspect of a research study as it justifies the importance and the 
significance of the study and provides an overarching plan of constructs and propositions that are used 
to detail the approach undertaken by the study (Lederman & Lederman, 2015). It is the foundation 
from which all knowledge is constructed (metaphorically and literally) for a research study. It serves as 
the structure and support for the rationale for the study, the problem statement, the purpose, the 
significance, and the research questions. The theoretical framework provides a grounding base, or an 
anchor, for the literature review, and most importantly, the methods and analysis (Grant & Osanloo, 
2014). 

The framework that was selected for the study was the Extended Technology Acceptance Model 
(TAM3) (Venkatesh & Bala, 2008). The model adapted from the TAM3 framework in Figure 1.3 adopted 
the view of a range of factors which may impact the perceived usefulness, perceived ease of use and 
behavioural intention and the knock-on effect to the usage behaviour on a new technology. 

 
Figure 1.2:  Adapted Extended Technology Acceptance Model (Source: Venkatesh & Bala, 2008) 

The adapted extended technology acceptance model in Figure 1.3 (Venkatesh & Bala, 2008) shows at 
the core the user intention to use technology with other constructs such as the persons experience 
and their personal view (norm), their personal image, the output quality impacts and how relevant the 
solution is to the job of the user impacts the user’s perception of the usefulness of the technology. 
Other factors that impact the perceived ease of use are the perceptions of control and anxiety related 
to using the solution. The final components in the model that impact the intention to use the system 
attribute the fear of the use of the system and the perceived impact of using the system. 

 The TAM3 model was determined to be the most suited for the study as it identified a list of constructs 
that impacts the usage of a technology ranging from a person’s subjective view to system ease of use 
to a person’s inner justification for use. Similarly, the aim of the study covered constructs that impact 
the use of analytics in the recruitment and selection process. The wide selection of constructs in the 
model provided a framework which supported the study with regard to accessing the perception of 
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use and usefulness of analytics for recruitment and therefore identify if was will be an intention for 
use of a solution that may or may not impact the recruitment and selection process.      

This theoretical framework was best suited to achieve the aim of the study and the testing of the 
hypothesis (H1) as the study had tested the job relevance, output quality, subjective norm and 
experience of recruiters and line managers which informed the perceived usefulness and the intention 
to use analytics solutions whilst having accessed the perceived impact on the role of the manager and 
recruiters. The framework provided a wide variety of constructs and a few of the constructs were 
selected to provide insight into the study from a technology acceptance view for a new system and as 
a result, may lead to the acceptance or rejection of hypothesis (H1).  

 Conceptual Framework 

The conceptual framework for the study was based on knowledge creation in the intersection(X) of 
the recruitment process as a key component of human resources and the application of data and 
analytics as part of information technology as seen in Figure 1.4 below. The frame of the study, 
therefore, falls in the knowledge creation of using data and analytics for recruitment.  

                                                                                              

Figure 1.3: The conceptual framework for the use of data and analytics for recruitment. 

The recruitment process itself is broad and comprises multiple sub-processes as per Figure 1.5 below. 
Figure 1.5 shows four broad categories of the activities that encompass the recruitment, shortlisting, 
selection and offer process. The study focused more on the shortlisting and selection steps and the 
study of the application of analytics on these two steps of the process.  
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Figure 1.5 expanded the shortlisting step and delves into reviewing the match of the vacancy to the 
applicant based on the applicant’s education, work experience, skills, personality traits and 
competencies. The selection step refers to the interview process, reference checks, assessments and 
tests that inform the screening and selection process. The study focused on the use of analytics in 
improving the shortlisting and selection processes. 

Figure 1.4: Phases involved in the recruitment and selection process 

The recruitment process encompasses a series of phases and channels for applicants to enter the 
process as seen in Figure 1.6. For the conceptual model, there will be no differentiation of applicants 
that are sourced from internal recruitment or external recruitment as visualised by Adu-Darkoh(2014) 
in Figure 1.6. The study will focus specifically on the selection step that focuses on the shortlisting and 
screening in the recruitment and selection process represented for internal and external recruitment 
as seen in Figure 1.6.  

Figure 1.5: Framework of Recruitment and Selection practices (Source: Adu-Darkoh, 2014) 

The conceptual framework, therefore, aims to align the use of information technology, data and 
analytics to improve the steps of reviewing applicants (internal and external to the organisation), 
perform screening with the use of analytics, to aid and improve the shortlisting process using multiple 
sources of data to inform the decision. The collation of data from shortlisting and selection tests can 
be considered as input into the analytics model determining each candidate’s fit for the role thereby 
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using systems thinking to reduce the recruitment and selection process time. The integration of 
analytics in each step of the recruitment and selection lifecycle with the use of technology, data and 
analytics aims to add knowledge to the domain of recruitment and selection as well as data and 
analytics.  

 Research Design 

The deductive nature of theory development leads to a quantitative approach to research design. The 
quantitative research design was selected due to the nature of the problem and the ontology of the 
researcher as a critical realist and the epistemological view of a post-positivist. 

The aim of the study was to determine whether the adoption of human resources analytics can 
improve the recruitment and selection of candidates. The study, therefore, determined the factors 
that were impacting the adoption by use and view of HR Analytics in the recruitment and selection of 
candidates by determining the correlation between the use of HR Analytics and improved selection 
process. The research design followed on by having determined the hypotheses and tested a few 
premises. The hypothesis was: With the use of data, HR Analytics can aid the recruitment and selection 
process in selecting the most suitable candidate/s to a role from hundreds to thousands of 
applications. 

Aligned to the objectives, the sub-research questions that the study intended to understand were: 

I.  What are the tools and constructs that comprise the recruitment and selection process? 
II. What factors may influence the use of Analytics as a tool in recruitment selection? 

III. How does recruitment and selection leverage of analytics to form a recruitment decision? 
IV. How many recruiters believe that HR Data and analytics has a place in recruitment? 
V. How much of a positive impact with HR data and analytics have on recruitment? 

VI. How much will the quality of hire improve?  
VII. What is the correlation between the factors affecting the current recruitment and selection 

process and the adoption of HR Analytics?  
VIII. Is the usage of HR Analytics for recruitment and selection affected by factors that are 

experienced by stakeholders involved in the recruitment process? 

The deductive nature of the study, therefore, arrived at a point to confirm or reject the hypothesis(H1) 
by having tested against the four premises P1, P2, P3 and P4. The methodology selected for the study 
was a descriptive and correlational methodology. The descriptive method in the quantitative design 
was used to understand the responses received. The correlational method in the quantitative design 
informed the correlation between the factors identified from the TAM3 framework affecting the 
current recruitment and selection process and the adoption of HR Analytics.  

To support the study with a 95% confidence level with a 5% margin of error (confidence interval) with 
the population of 5785 employees comprising 142 recruiters and an additional population of 5643 
managers (Williams, 2020), the sample needed to be a minimum of 361 respondents as calculated in 
detail in Chapter 3: Research Design.  The sample for the organisation will comprise a combination of 
the hiring managers and the recruiters within the organisation.  

The sampling method selected for the study is a non-probability sampling approach. A census of all 
142 recruiters working at the site of the study was used combined with a non-probabilistic selection 
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of line managers in the organisation for the remaining sample. As the tool used to collect the data was 
a self-administered quantitative coded survey, to elicit a larger response, snowball and convenience 
sampling was also used elicit responses from recruiters external to the organisation to complete the 
survey.    

To facilitate the collection of the data, Microsoft Forms was used to create the survey. The cross-
sectional data point for the study is informed by the data collected using the survey over a limited 
period of three weeks. The survey results were coded to enable statistical analysis. The procedure for 
data collection is detailed further in Chapter 3: Research Design regarding the steps for collection of 
data for the literature review, collection of data for the study, collation, analysis of the data for the 
study, and determining the outcome of the study.  

The tools used to perform the analysis of the data for the descriptive design were a combination of the 
use of Statistical Package of Social Science (SPSS) and Microsoft Power BI. For the correlational matrix, 
the analysis was performed using SPSS.  

Data integrity of the study was ensured by maintaining internal validity as there was only one 
independent variable and therefore the causal relationship that may have introduced a risk to the 
internal validity was reduced. The external validity was maintained by allowing recruiters external to 
the organisation at the site of the study to participate, therefore reducing the risk of the study being 
non-generalisable.  

To ensure research reliability, the survey questionnaire followed the framework of TAM3 to ensure 
the study was performed in a reliable consistent manner. The objectivity of the study relied on the 
truth or independent reality which existed outside of any investigation or observation. The 
researcher's task in this model was to uncover this reality without contaminating it in any way however 
as a critical realist and a post-positivist, the researcher interpreted this reality of the observation 
without manipulation of the observations.  

For ethical considerations to the study, the researcher obtained informed consent to the organisation 
used for the site of the study as well as consent to contact participants in the organisation to participate 
in the survey. There were further consents from each participant to the survey. 

 Scope of the study 

The study aimed to determine whether the adoption of human resources analytics can improve the 
recruitment and selection of candidates for job positions. The population on which the study limited 
to consisted of the recruitment specialist and hiring line managers in the organisation.  

Data was collected using a survey over three weeks in June 2020. The study used the application of the 
technology acceptance model (TAM3) framework to access the adoption of analytics in the 
recruitment and selection process by recruiters and managers and the effects of adopting such 
technology. The survey collects data limited to the screening, shortlisting, and hiring stages of the 
recruitment process. The study was conducted across a sample of managers and recruiters based in all 
regions in South Africa.   
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 Significance of the study 

The study has been successful in adding to the body of literature on the application of human resources 
analytics based on a technology acceptance framework. The findings of the study showed that there 
are positive statistical correlations of the factors that inform the usage of new technology and that 
there is a keenness to adopt such new technology in the organisation.  

The study also added to the literature on the study of the application of analytics based on a South 
African organisation and how some components in the recruitment and selection process. There is 
clear support in portions of analytics except for the hire decision. 

The study, therefore, provided evidence that leaders, talent, and recruitment specialists are keen to 
automate and improve parts of the recruitment process using analytics. The study offered evidence 
for the acceptance of such technology for talent sourcing. 

 

 Sequence of the chapters 

The structure of the study involves a brief introduction into the researcher’s ontology and 
epistemology and the overview of the landscape of the study. The discussion thereafter follows with 
the forthcoming chapters:  

Chapter 2: This chapter presents the literature review related to the research question: Can 
recruitment and selection be improved using HR Analytics? The chapter aims to understand key 
concepts and constructs underpinning human resources management and the use of analytics in the 
recruitment and selection process. 

Chapter 3: The research methodology reflects the steps of the research undertaken to collect and 
analyse the quantitative data.  The collection of data was undertaken to investigate the extent to which 
the recruiter’s adoption of HR Analytics to inform the selection of candidates is correlated. The chapter 
details the type of research methodology, the sampling methods used, the data collection method 
utilised, and ethical considerations of collection.  

Chapter 4: This chapter reveals the findings of data collected, analyses performed, and statistical 
analysis conducted to test the hypothesis. The detailed approach to the data collection and the 
detailed analysis are discussed. 

Chapter 5: This chapter provides an overview of the entire study and provides an analysis of the 
research questions and the extent the study proved or disproves the primary research question. 

Chapter 6: The conclusion and recommendations for future study are discussed. 

Figure 1.7 below the sequence of the forthcoming chapters of the study. 
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Figure 1.7: The sequence of the chapters in the study 

 

 Chapter Summary 

The research was approached with an ontological view of a critical realist and an epistemological view 
of a post-positivist. The problem identified is the inability of recruiters to use data to improve the 
efficiency of the selection of a suitable candidate for a job position. The objectives of the study were 
selected in four broad categories:  

i. To understand key concepts and constructs underpinning human resources management and 
the use of analytics in the recruitment and selection process. 

ii. Collect data to investigate the extent to which the recruiter’s adoption of HR Analytics to 
inform the selection of candidates is correlated.  

iii. To integrate the research results and comparative literature analysis to validate the research 
question and hypothesis. 

iv. To extrapolate research results and make recommendations for future application and further 
investigation. 

The research followed a quantitative approach to the research design that aligned with the theoretical 
framework of the Technology Acceptance Framework (TAM3). Data for the study was collected by 

Chapter

1

Introduction: Provides a brief overview of the study and orientation of
the subject.

Chapter

2

Literature review: Provides a foundation of the study and provide an
understanding the landscape of the recruitment and selection process,
analytics and the use of analytics for recruitment.

Chapter

3

Research Methodology: Provides details into how the study was performed
and the steps undertaken to collect data. The frame of the steps that the
study was undertaking in determining the samples and steps in which data
was collected.

Chapter

4

Analysis of Results: The data collected in analysed and extrapolated in context
of the study.

Chapter

5

Analysis: Interpretation of the results to test the research hypothesis.

Chapter

6

Conclusion and Recommendations: The summary of the findings of the study
and future implications.
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means of a self-administered quantitative survey to the recruiter and manager population. The survey 
questionnaire followed on the TAM3 framework to elicit responses according to the constructs 
identified in the framework. The findings of the study were analysed using descriptive analysis and a 
correlational analysis.  

Data integrity was ensured, as well as the ethical considerations to the study and use of data. Based 
on the data and the analysis of the findings the study was to either accept or reject the hypothesis (H1). 
If the H1 was accepted, then the null hypothesis(H0) and the alternate hypothesis (Ha) would be 
rejected. The converse would also be applicable; if the H1 was rejected then either H0 or Ha would be 
accepted. 

 Conclusion 

In this chapter, the background of the problem was introduced with the introduction of the 
recruitment processes and the use of analytics in HR. The evident issues experienced by organisations 
regarding candidate screenings resulted in the researcher’s interest in the application of analytics for 
recruitment. There was very little information available even though there were a few well-reported 
instances of a successful implementation of a recruitment analytics tool. The gap in the research on 
the use of recruitment analytics interested the researcher to understand what factors are impacting 
the adoption of analytics in recruitment. 

The next chapter involves a study of the existing literature regarding recruitment and selection, 
analytics, and the use of analytics in recruitment.   
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Chapter 2: Literature Review 

2.0 Introduction 

This chapter synthesises a study of the literature about the recruitment and selection process when 
sourcing employees, analytics in human resources, and the use of analytics in recruitment. The flow of 
the literature review is depicted in Figure 2.1 below: 

 

 
Figure 2.1: The sequence of the study of the literature 

 The frame of the literature study is constituted by concepts and constructs identified by the researcher 
which were included in the preliminary literature review of these key aspects, in line with the primary 
research question and the sub-research questions for the literature review. The primary research 
question and the sub-research questions are listed below. 

Primary Research Question:  

Can recruitment and selection be improved using HR Analytics? 

Sub-research questions for Literature Review: 

What are the tools and constructs that comprise the recruitment and selection process? 

What factors may influence the use of Analytics as a tool in recruitment selection? 

How does recruitment and selection leverage of analytics to form a recruitment decision?  
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2.1 Recruitment and selection in human resources 

2.1.1 The Concept and historical evolution of recruitment in Human resources 

 

There is a plethora of information in the literature on Human resources management (HRM) and 
recruitment, but for the purpose of this study, ideas of a few prominent proponents were elicited. 
Odiorne (1984) laments that the aim and practices of recruitment have not evolved since the 
effectiveness of the recruitment is dependent on the effectiveness of the selection phase and the 
calibre of candidates attracted to the recruitment process. O’Meara and Petzall posit that the 
fundamental function of recruitment and selection had not changed even with the evolving systems 
theory (2013:26). Lievens and Chapman, in agreement, note that the recruitment and selection 
process has an image as old techniques and traditional recruitment with improvements made not 
changing the image of recruitment and selection (2019:123).    

Generally accepted definition of recruitment is that it is the application of activities and practices that 
are undertaken to purposefully identify talent and potential employees and employing strategies to 
attract those candidates to join the organisation (Boxall et al., 2007:273). Jovanovic (1982) refined the 
definition by adding that recruitment is the process of attracting a pool of high-quality applicants to 
select the best amongst them. Armstrong (2006:409) states that the recruitment and selection process 
aims to source the quantity and quality of employees needed to support the organisations resourcing 
needs at a minimal cost. 

It must be acknowledged that the recruitment involves creating a gateway to employment by 
understanding the requirements for the job opening, defining the requirements, and then pooling 
potential candidates for the role using as many recruitment sources as possible. This will enhance the 
chances of identifying the appropriately skilled, experienced, and qualified candidates for the role and 
organisational culture (Barber, 1998; Boxall et al., 2003, 2007; Compton et al., 2009; Faliagka, 
Kozanidis, Stamou, Tsakalidis & Tzimas, 2011; Grobler, Wärnich, Carrell, Elbert & Hatfield, 2011; 
Thompson, 2019).  

In addition, the candidate’s personality profile is just as important to the success of placement as the 
skillset (Marr, 2018). The importance of the matching of the candidate’s interests to the organisation’s 
interest is key as the organisation needs to select the employee just as the candidate needs to accept 
the organisation (Costello, 2006). In the same vein, Compton et al. (2009:15) concur that recruitment 
focuses on selecting the best candidate at the best price possible at a time that will be beneficial and 
strategically apt for the organisation. Barber (1998) underlines an important consideration that 
recruitment strategy should not just be about sourcing potential employees to fill the position but to 
also select the employee that will have a positive impact on the culture of the organisation.  

 

2.1.2 The need for the recruitment and selection process  

 

The need for effective recruitment practices is becoming more pressing than before, especially in the 
face of the changing technological landscape. The World Economic Forum (World Economic Forum, 
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2016) highlights that the impact of the fourth industrial revolution may significantly disrupt the skillsets 
required. Therefore, there is an impending risk that the current talent pipeline with existing education, 
qualifications and skills may be rapidly outdated.  

The fourth industrial revolution with its demand for advanced technological skills requires a more 
specialised method of recruitment. The World Economic Forum argues that the technological specialist 
and strategic roles will be hard to recruit, and this trend is likely to worsen over the period 2015-2020. 
Furthermore, the job family that is expected to emerge by 2020, will be significantly different and make 
it harder to recruit specialist across all job families, particularly for the computer and mathematical 
roles (World Economic Forum, 2016). 

In light of the ever-evolving organisational requirements, the key human resources function must 
support the organisation in retaining and placement of successful talent to increase the chances of 
organisational survival in a tough industry (Taylor & Collins, 2000:304). The recruitment and selection 
process is a critical step as Drucker (2001:112) highlights the importance of a hiring decision equating 
the hiring decisions critical as it determines and impacts the organisational impact on building a 
pipeline of high performing capacity. The decision to hire therefore is critical for keeping the work.  

Both Dressler (2014) and Nieto (2006) also referred to the employees of an organisation as the most 
important asset; the recruitment and selection process is there to ensure there are employees 
available to deliver the workload of the organisation and provide the organisation with a competitive 
advantage.  The recruitment and selection process is to identify and employ the best possible 
appointments, as well as leverage off best practices in recruitment and selection and lastly facilitate 
benchmarking (Catano et al., 2009; Grobler et al., 2011).   

In all recruitment processes, the role of a manager is key in the recruitment and selection and 
appointment of the right employees to the right jobs (Mullins, 1999; Dale, 2003). Ineffective hiring is 
costly, and a poor hire may result in poor employee performance or the employee leaves the employ 
resulting in new costly recruitment. But if recruitment is done correctly, then it can improve turnover 
and increase employee morale (Odiorne, 1984). Drucker (2001) adds that executives, invariably, spend 
more time managing people than on finding the right people, and yet the recruitment decisions are 
long-lasting, and the consequences of a poor placement are difficult to reverse.  

 

2.1.3 The Process of Recruitment and Selection 

 

This step needs careful execution. The current study adopted Drucker’s (2001) selection guidelines. A 
set of principles were listed by Drucker (2001) for the recruitment and selection process : 

i. Think through the job description as it should be robust, assignments may change but the job 
description should not change as often. 

ii. Ensure you look at several potentially qualified people by creating a pool of candidates. 
iii. Understand the strengths of a candidate and if it is the strengths required for the role. 
iv. Source input from people who have worked with the candidate to remove any bias from a 

single point of view. 
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Recruitment involves sourcing for the potential candidates and this can be actioned through multiple 
channels such as internet recruitment, newspapers, internal recruitment, institutions, social 
recruitment (referrals) as widely described by many researchers in this field (Kaplan & Norton, 2004; 
Compton et al., 2009; Stroud, 2014; Tubey, Jacob Rotich & Kurgat, 2015). The selection process, on the 
other hand, then selects a group of applicants best suited based on qualifications, experience, and 
skills from the pool of candidates to proceed to selection tests if applicable (Stanley & Weinstein, 2008; 
Catano et al., 2009; Gitman & McDaniel, 2009).  

The selection process then uses a toolbox of tests such as interviews, skills tests, personality tests, 
aptitude tests work samples, reference checks, behavioural and attitudinal characteristic tests, 
competency profiling and other cognitive tests (Boxall et al., 2007; Compton et al., 2009; Grobler et 
al., 2011; Joshi, 2013). Gould (1984) contends that each method of selection has its advantages and 
disadvantages and one needs to keep in mind the merit and psychometric properties which is 
determined by its reliability and validity. 

Boxall et al. (2007:300) notes that the decision to employ people is one of the critical and important 
decisions the organisation has to make. A success profile for the selection criteria should exist so that 
all candidates can be measured against the success criteria to ensure the candidate fits the 
requirement (Drucker, 2001; Compton et al., 2009).  

The candidate that is best suited for the organisation is then selected based on feedback from the tests 
performed in the previous steps (Grobler et al., 2011; Joshi, 2013). The success of the recruitment 
process is usually measured in terms of the quality of hire, the time to fill the role and the performance 
of the selected candidate (Drucker, 2001; Fitz-Enz, 2009). 

 

2.1.4 Challenges and mitigation factors in Recruitment and Selection 

 

It must be reiterated that the error in the final selection of a suitable candidate remains with the 
business unit which made the final recruitment decision and not the employee (Drucker, 2001). Dess, 
Gregory and Jason(2001) as well as  Kaplan and Norton (2004), point out that the effectiveness of 
recruitment and selection also rests with the managers to ensure that the business strategy and 
recruitment strategy is aligned as well as line managers actively involved in the recruitment and 
selection process as the owner and the HR team facilitating the process. A few key challenges are listed 
below. 

Challenge 1: Perceived gaps in the recruitment process 

Gould (1984) argues that employers are usually disappointed when an appointment fails and blames 
the person appointed or the weakness in the process and methodology of recruitment and selection 
however the main source of the failure remains with the manager. Fitz-Enz (2009:280) states the hit 
rate of obtaining exceptional hires is possible if one finds out which combination of sources and 
methods yield the best results. However, the typical method used to improve recruitment has been by 
exchanging subjective experience from various sources, therefore creating the potential for bias to 
enter the process, decisions based on misperceptions or even misunderstandings.  
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Challenge 2: Fraudulent documents 

From a risk point of view, there are instances of recruitment fraud which range from candidates not 
being honest about their experience, qualifications, work history and integrity. This places the 
organisation at significant risk and potential for large cost loss with an increase in recruitment fraud of 
50% over 10 years. There are many cited examples of people who enter organisations with falsified 
documents and are in executive positions (Ahmar, Rahim & Suryanto, 2018; Button, Gee, Blackbourn, 
Shepheard & Wang, 2019). 

Challenge 3: Organisational culture mismatch 

Ma, Mayfield and Mayfield (2018) indicate the risk of hiring a person who is not a fit for the 
organisation or a person who is recruited and does not remain with the organisation. This mismatch 
may result in a loss of or compromised intellectual property and networks in the organisation. 

Challenge 4: The risk of using internet recruitment 

Fitz-Enz (2010) refers to conservative estimates of 75% to 125% of annual salary as the direct and 
indirect cost of replacing a high-quality employee reflecting on how key sourcing and retaining good 
performing employees are to an organisation. Compton et al. (2009) mention a pitfall of using the 
internet as a recruitment source is that it has so much information available but is still difficult to 
attract the relevant attention as some of the internet résumé lack specificity. 

Challenge 5: ‘Gut feel’ appointments 

Marr (2018) points out that HR professionals and hiring managers to admit to appointing a new hire 
based on gut feel. However, with the use of analytics in recruitment, the guesswork can be removed, 
and the organisation will be able to source hires who will have a longer tenure in the organisation and 
will be engaged and performing. Furthermore, Marr (2018) provides an example of the use of analytics 
used to determine the fit of an applicant using the skills, qualifications, experience, culture fit, and 
personality attributes to sift through potential candidates and find those with the best fit for the 
description set out for the job.  

Challenge 5: Unconscious Bias 

Unconscious bias is the action of unknowingly supporting or opposing a particular person or thing 
unfairly due to pre-learned cognitive prejudices that is hard-wired into human cognition (Devlin, 2018).  
These form due to mental shortcuts the human brain uses to gather information and process it in a 
way to store the complex nature of the world (Semmler, 2015). Some of the biases emanate from life 
experiences and others are formed from external information from other people, media and cultural 
perceptions (Bourgeois, 2012). 

There is overwhelming evidence in the literature suggesting that unconscious bias creates stereotypes 
and affects hiring decisions in the recruitment process by discrimination of race, gender, sexuality, 
educational background or ethnicity (Carlsson & Rooth, 2007; Devlin, 2018; Javed & Brishti, 2020; 
Lattice, 2020).  In-depth studies reflect the potential for unconscious biases that could impact the 
recruitment process aside to also include pregnancy bias, parenthood bias, and age (Kennedy, 2014). 
Unconscious bias is not limited to an organisation at recruitment, but also impact employee 
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progression, opportunities to work on new projects, the opportunity for promotions, pay disparity and 
movement to leadership roles (Mccormick, 2016).   

To reduce the impact of unconscious bias, the constant training and awareness of unconscious biases 
can help people understand the biases as well and learn how to change those pre-learned biases and 
begin display awareness of biases to rely less on first impressions and gut feels in recruitment (Beattie 
& Johnson, 2012a; Semmler, 2015). The active planning of activities in the recruitment and selection 
process needs to incorporate steps that minimise the impact of unconscious biases and call for action 
to address the hiring practices and the ethical risk associated with hiring bias (Collins, 2007; Palmer, 
Hoffmann-Longtin, Walvoord, Bogdewic & Dankoski, 2015).  As recruitment and selection is a 
component of Human Resource Management, the need for HR to be the ethical gatekeeper in the 
hiring process is essential, and this is key for the monitoring of recruitment processes for ethical 
misconduct, bias and discrimination (Bendick & Nunes, 2012; Villegas, Lloyd, Tritt & Vengrouskie, 
2019). 

 

South African context for recruitment and selection 

In light of the historical legacy of discriminatory practices in recruitment in South Africa, the 
implementation of the Employment Equity Act 55 of 1998 (Department of Labour, 2014) was 
introduced to eliminate discrimination in the workplace and achieve representation of employees from 
designated groups in a manner representative of the demographic of the country. The necessitation 
of the act thereby forces the recruitment process in South Africa to qualify candidates based on ability, 
knowledge, skills and experience to the requirements of the role in a manner that is fair and legal 
ensuring compliance to the legislative requirements of equitable employment.  

Employers applying the Employment Equity Act are expected to implement measures to counteract a 
legacy of apartheid by meeting employment equity targets  (Mashaba, 2013). Through this legislation, 
preference is therefore afforded to applicants from designated target groups (Tinarelli, 2000:60). 
Furthermore, the gender diversity of the labour market is addressed with employment equity, showing 
the need to address the levels of transformation to include gender diversity in the workplace (Landman 
& O’clery, 2020). At the same time, the Employment Equity Act of 1998 has disrupted the freedom of 
choice in the employee selection process by accelerating a law-driven need to appoint certain ethnic 
groups at the expense of other groups (Louw, 2013).  

Further to the Employment Equity Act, is the implementation of the Broad-Based Black Economic 
Empowerment Act (BBBEE) (South African Government, 2004) to support the transformation of 
economic activity to support and promote black entrepreneurs and businesses. Organisations aiming 
to seek business opportunities with the public sector need to be accessed in terms of the BEE Scorecard 
that utilises the employment equity in the organisation to inform components of the scorecard to 
determine a BBBEE compliance levels. (Horwitz & Jain, 2011:7). For organisations in South Africa to 
successfully perform work for the public sector, the levels of ownership and management control need 
to demonstrate transformation with changes in boards of directors and management to blacks, as well 
as the employment principles in the organisation to be considered BBBEE compliant (Herman, 2017:3).  
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The application of the Employment Equity Act and BBBEE, therefore, drives the imperative for 
organisations to transform beginning with recruiting the right people for the right job with responsible 
transformation goals in mind (Horwitz & Jain, 2011:6). Bussin and Nzukuma noted the increased 
difficulty in the retention of talented black employees due to the competitive market for black skills 
causing job-hopping due to the increased demand caused by the application of the employment equity 
act (2011). The process of recruitment and selection in South Africa is therefore critical in supporting 
the organisation reach employment equity targets set but faces challenges in recruiting, sourcing and 
talent retention. 

 

Mitigation factors 

Anand, Kar and Kuehner-Hebert (Kuehner-Hebert, 2013; Anand & Kar, 2014) cite examples of the 
application of recruitment analytics by Wells Fargo & Company using psychometric and biometric data 
to become more predictive in the recruitment process and saw that retention had improved. With a 
toolbox of selection tests available, (Boxall et al., 2007), note that an organisation needs to understand 
and consider the validity of the selection methods and tests used in the selection process.  

Studies show that a recruitment strategy that works for one organisation may not work for others, 
therefore, there is no single theory of recruitment strategy resulting in no effective tool to measure 
the effectiveness of new recruitment tools. In recent years, there has been much hype with regard to 
the use of analytics in recruitment with Bersin (2017a) alluding to disruptions in HR with regard to 
recruitment, the new world of talent acquisition and the speed to which innovation is taking place is 
rapidly disrupting traditional HR.  The recruitment process for the future is up for grabs and will change 
to a new way of recruiting by 2015 (2013:29–30).  

Contrary to the growth of attention by software vendors and data evangelists for HR analytics, the 
uptake is still relatively low (Collins, Fineman & Tsuchida, 2017:97).  With recent studies conducted, 
84% of the respondents believed people analytics is important (Agarwal, Bersin, Lahiri, Schwartz & 
Volini, 2018:89). Sadly, Bersin reports that only 17% of companies reported had achieved the benefits 
of a people analytics (Deloitte’s Bersin Finds Effective Use of People Analytics Is Strongly Related to 
Improved Talent and Business Outcomes, 2017:1).  Only a handful of literature available reflects the 
successful use recruitment analytics used as in the case of Isson and Harriot (2016:80–83) citing the 
use of analytics in Google to determine how many interviews are conducted before an offer could be 
extended to a candidate.   

The challenges experienced in the large South African financial services provider studied in terms of 
recruitment and selection is the inability to wave through thousands of applicants and being able to 
screen and shortlist the candidates who will most likely be the best fit. This process takes up much of 
the time of managers and recruitment teams while the cost for replacement and impact on the 
organisation is not reduced.  

The future 

The organisation of study in the current research is actively attempting to be the market leader in 
innovation in banking and financial services. It also needs to act on its strategic requirements in terms 
of employee skills and therefore be able to recruit faster with a better-quality hire than before. This, 
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therefore, necessitates the need for the recruitment and selection process to be key in the 
effectiveness of the organisation to meet the requirements of the fourth industrial revolution. 

2.2 Analytics in Human Resources 

  

2.2.1 Concept of Analytics and its historical evolution 

 

Drucker (1985:20) defines analytics as the active assessment needs to be taken in businesses with a 
search for opportunities to innovate, identify changes that signal the need for innovation, or 
organisational symptoms that signal the need for the implementation of successful innovation. To 
further enforce the importance of information sharing in an organisation, Drucker (2001) refers to the 
sharing of information across companies, even though people tend to resist sharing, to leverage off 
the insight of collective data and apply the insights to question and challenge and company’s strategy 
to be able to test a company’s assumptions and outlook. 

Application of analytics had been found in the 19th century when Frederick Winslow Taylor applied 
analytics in his time and motion studies and again when Henry Ford started the mass-production 
initiatives after he measured the pacing of the assembly lines (Delen, 2015). Delen (2015) then further 
explains how the use of analytics has evolved since: 

i. In the 1960s, analytics were used more as computers became part of decision support systems. 
ii. The 1970s saw analytics evolve into a rule-based expert system. 

iii. In the 1980s, organisations had integrated into Enterprise Level Information systems (ERP 
systems). 

iv. The 1990s the need for data warehouses arose with the need to create a store of data to generate 
reports and scorecards from. 

v. In the 2000s, the large volumes of information from the data warehouses were used to create 
Business Intelligence systems for more robust information about the data. 

vi. In the 2010s, there was a shift in the data sources with a wider pool of data inputs coming from 
smart devices, wearables, and social media. The mix of these data sources creates a pool of varied 
data often referred to as big data and is used as input into analytics models. 

Analytics comprises three levels (Anand & Kar, 2014; Fitz-enz & Mattox II, 2014; Delen, 2015). 
Descriptive analytics is the lowest level of analytics that describes relationships and current and 
historical patterns found in the data. The second level of analytics is the use of statistical techniques 
to use the current facts and historical information to then derive a prediction about the future. The 
third level of analytics is prescriptive analytics which will determine the decision of options of the 
outcomes of the future therefore not just predicting but predicting the decisions required to reach a 
certain future. Predictive analytics helps to generate meaningful data and insights for the future of the 
organisation (Anand & Kar, 2014).  

Analytics has a variety of techniques in the toolset that can be used to understand data to derive 
insights, namely, data mining, machine learning, natural language processing, data visualisation and 
interactions between a human and computer (Lang et al., 2017).  The application of analytics in global 
and South African cases are explored next. 
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2.2.2 General applications of analytics 

 

Global cases 

The scope of analytics is wide and has application in almost any industry. Globally, the application of 
analytics can be seen in the use of targeted marketing for online stores, fraud and risk analytics, 
financial services analytics for products, supply chain optimisations to mobile operators, the energy 
industry and even shrimp farmers (Kempe, 2014; Columbus, 2017, 2018; Kopanakis, 2018; Boulton, 
2019; Simplilearn, 2019). Other applications of analytics include learning analytics and massive online 
learning capabilities are changing global access to learning (Galpin, Prinsloo & Slade, 2012; Halawa, 
Reich & Ruipérez-Valiente, 2019). Online gaming, Artificial intelligence for hospitality for food wastage 
and booking efficiencies, Financial modelling of risks for financial ratios, as well as predicting a career 
path of individuals are also applications of analytics (Cambazoglu, Gionis & Paparrizos, 2011; 
Kanapickienė & Grundienė, 2015; Ganesan, 2018; InterContinental Hotels Group PLC, 2019).  

In a survey in 2013, the organisations agreed that the cost of poor hiring decisions was significant 
(Anand & Kar, 2014), however, this can be reduced with recruitment analytics to assist in finding the 
right candidate with the appropriate skillset who will most likely have a longer tenure at the 
organisation and add to the performance of the organisation positively. Anand and Kar (2014) 
identified steps that analytics can aid the recruitment and selection process; a few of the step are: 

i. Sourcing the right candidate 
ii. Refining the source to use  

iii. Analyse the overall recruitment experience 
iv. Help in job profile tuning 
v. Identify the best candidate sources 

vi. Analyse the market trends 

Considering the global outbreak of COVID-19, the analytics models are used to predict infection rates, 
risks of infection and spread and mortality rates (Boulos & Geraghty, 2020; Cinelli, Quattrociocchi, 
Galeazzi et al., 2020; Dong, Du & Gardner, 2020). The analytics tracking and trending models for the 
COVID-19 virus take into consideration the global trends, the size of the population, population density 
and even the doctor to patient ratio of the countries (Stoecker, 2020). 

 

South African cases 

In a South African context, there is limited literature on the application of analytics. There are a 
handful of documented applications, studies, or analysis of the use of analytics in South Africa. A study 
conducted of South African retailers shows that retailers are leveraging the enhanced processing 
speeds of big data analytics products to improve on traditional transaction handling. Despite using 
some application of big data, they are not using much of the information they collect for analytics as 
the use case does not justify the costs associated (Johnston, O’Donovan & Ridge, 2015).  
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Harambee is a South African company that uses analytics models to help unemployed and unskilled 
youth find jobs that is best suited to their ability (Google Cloud, 2018; HR Pulse News Desk, 2020). The 
company makes use of analytics to find, upskill and place into employment the unemployed youth.  

Another study of the South African Revenue Services (SARS) refers to the readiness of organisation in 
the context of a developing country with the use of Big Data and analytics in the organisation. The 
study found that readiness of the organisation depends on the size and complexity of the organisation 
and readiness speaks to preparing people with the right information and skills and stresses the need 
for improved communication between stakeholders (Mathias Kalema & Mokgadi, 2017).  

The South African Revenue Services (SARS) is using analytics to also achieve efficiency on tax collection 
and reduce tax evasion with the application of artificial intelligence (De Villiers, 2020a). In support of 
the drive and increase youth employment, Harambee utilises multiple data sources to build a model 
that aids matching unemployed youth to job opportunities in the market (The Presidency, 2018).  

In terms of the use of analytics in the banking industry show that the sources of data have grown and 
that the uses of analytics in the industry has grown and is no longer limited to the traditional credit 
models and has expanded the opportunities for analytics (Nasila, 2018; PWC, 2019). Aside from the 
traditional financial services risk modelling approach, there is minimal information on the application 
of analytics for the recruitment and selection process.  

There are multiple studies of the application of analytics for banking, financial services and insurance 
with the insurance industry in South Africa showing a clear strategy and shows active work to use big 
data analytics for insurance (PWC, 2018:33).  One insurer is Naked Insurance which uses artificial 
intelligence to support its insurance model and provides a technology-supported experience and 
platform for clients, for example, (Naked Insurance | Car, Home & Building Insurance, 2020; Buthelezi, 
2020; De Villiers, 2020b). 

 

2.2.3 General use of Analytics in HR 

 

Analytics has provided the traditional HR process with the ability to change the objective of workforce 
analytics away from just justifying the existence of the HR function but rather aligning to the firm’s 
strategy and executing the strategy through the workforce (Ulrich et al., 2015). A large and significant 
contributor that supports the growth and development of a great yet sustainable organisation with 
the use of analytics and data-driven measures and metrics (Ulrich et al., 2015:279).  

Anand and Kar (Anand & Kar, 2014) listed applications of analytics in HR. These range from  

i. better decisions on recruitment,  
ii. analysis of employees’ professional life,  

iii. better planning for training programs,  
iv. identifying the areas that need focus on training and development,  
v. better retention of employees,  

vi. analytics used to determine the reasons employees stay in or leave an organisation and, lastly,  
vii. analytics to assist in nurturing and retaining talent.  
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It must be acknowledged that there has been a misconception that HR never relied on numbers, but 
Ulrich (2016) notes that HR has always relied on numbers for many years and that HR will need to do 
so more than ever using predictive analytics guiding HR decisions. The application of analytics in HR in 
industry, however, is very low as noted despite data analytics providing the ability to understand the 
past present and future of the data within HR. In a 2014 survey, only 4% of organisations were found 
to have the capability to conduct predictive analytics and only 4% doing significant statistical analysis 
of HR information (Anand & Kar, 2014).  

Similarly, Boudreau (2017) also mentions that 15% of executives say they use predictive analytics in 
HR. However, a global survey from IBM survey 1700 CEOs found that 71% said they identify that 
analytics in human capital will be an advantage to the organisation, but in the other global studies, the 
reality is that only 5% of big data investments were in human resources. The Deloitte High-Impact 
People Analytics (2017), using the 2017 Maturity Model report found that organisations that were 
high-maturity or those using people analytics in an insightful way reported 82% higher three-year 
average profit than compared to the organisations that were low-maturity (Deloitte’s Bersin Finds 
Effective Use of People Analytics Is Strongly Related to Improved Talent and Business Outcomes, 2017).  

Bersin et al. (2017) note that the rate at which technology is changing and that HR can facilitate closing 
the gap between business and technology to become organisations with high-maturity. Bersin (2017b) 
found that there were 69% of companies actively working on integrating data to build the people 
analytics capability which was a significant improvement of 10%-15% in previous years.  

A study by Huselid (2018) concluded that HR professionals who exhibit high levels of analytical 
experience also have a higher perceived job performance thereby improving the quality of service 
provided to the organisation.  Huselid (2018) further observes that workforce analytics promises to aid 
leaders in improving their operational and strategic performance through more effective workforce 
management. Better analytics has the potential to help employees craft their careers with career 
pathing guidance. Therefore, analytic can improve employee job performance and career planning. 

Analytics has found its way in various forms in the HR processes as seen in the literature. Anand and 
Kar (2014:276–277) highlights that analytics can be used to inform better hiring decisions, provide in-
depth insight and all-round analysis of employees, used for better training programmes in the 
organisation, using analytics for talent management for the nurturing and retention of talent and 
improving employee retention.  Further applications listed by Bersin (2017c) refer to the use of artificial 
intelligence and robotics being expected to increase in organisations.  

In an attempt to measure correlation and return on investment for analytical artificial intelligence(AI) 
models in recruitment, a quantitative study by Hariharan, Shivakami and Vedapradha (2019)  that 
provided results that indicate a significant impact on performance when AI for recruitment is used with 
productivity, training, automation and reliability were strong predictors for improved performance 
thus showing that analytics in the form of artificial intelligence for recruitment can improve the 
performance of hires.  This is a compelling case in support of analytics in recruitment in terms of ROI. 

Chat Bots, for example, use analytics in the form of robotics and artificial intelligence to provide a user 
experience interface (Maupaka, 2018; Orue, 2018). The most commonly listed examples of the 
application of these chatbots and robotics in HR include automation of high volume tasks that involve 
client interaction such as traditional HR benefits queries and robotic to action repetitive high volume 
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tasks (Attra, Greczko, Halper & Vert, 2018; Attra, Gretczko & Vert, 2018; Raub, 2018; Shaw & Varghese, 
2018; Maurer, 2019).  

The significant analytics application that has grown in popularity, uses game engineering to create a 
game environment that evokes a sense of completeness in the player by incentivising them with ranks, 
rewards, badges and sometimes even prizes (Kankanhalli, Taher, Cavusoglu & Kim, 2012). The various 
forms and shapes of analytics show wide and varying benefits to processes include forms of analytics 
tools and methodologies under an overarching umbrella of analytics. In the study of the literature of 
the use of analytics for recruitment and selection, numerous use cases and applications of analytics 
emanated. Some of the use cases are listed by the vendors and some have been documented by the 
organisations that used analytics.  

2.2.3.1 Overview of specific organisational cases in the use of analytics 

 

A view of the various use cases, successes, hurdles and the implications for the use was studied. The 
overview of each use case is detailed in Table 2.1 below.  

Table 2.1: Summary of analytics use cases 
 

Tool Success Hurdles Implications for 
Future Use 

Source 

Case 
1 

Shell 
Graduate 
recruitment 

Successful 
implementation 
of Analytics for 
recruitment 

Clean quality 
data is needed. 
Requires 
Analytics skills 
and capabilities 
in the 
organisation. 

Clean data is 
needed to build 
any analytics as 
the analysis is 
dependent on 
good inputs. There 
is a need for 
human 
intervention is 
needed to 
intervene in the 
quality of data in 
and out of these 
types of models. 
The lack of 
analytic skills will 
impact not only 
the support of the 
algorithms but 
also mean poor 
understanding and 
use of the 

Lam & 
Hawkes, 2017; 

Roberts, 2018 
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algorithms in the 
business. 

Case 
2 

Amazons 
Recruitment 
tool 

The tool was 
able to 
recommend a 
hire for the job 

Bias in models, 
even when 
catered for, can 
still somehow 
manifests. This 
means that 
models need to 
have constant 
monitoring on 
ensuring it is 
working as 
intended. 

Practice needs to 
ensure that there 
are checks built in 
to pick up any 
potential bias, and 
resolve, and if 
unable to resolve 
then be willing to 
stop the use of the 
tool to avoid 
reputational risks 
to the 
organisation. 

Dastin, 2018; 

Florentine, 
2018;  

Meyer, 2018; 

Vincent, 2018;   

Case 
3 

HireVue Multiple 
organisations 
using the tool 
with a successful 
reduction in 
turnaround time, 
time to hire and 
recruiter hours 
with an increase 
in diversity. 

Calls for more 
openness on 
how the tool 
collects data, 
and how the 
decisions have 
been derived to 
ensure that the 
tool does not 
discriminate 
against 
candidates who 
do not look and 
sound like the 
traditional hire. 

There are many 
legal implications 
regarding the use 
of a person’s data 
and for what it is 
used for, the need 
for clear 
governance and 
data protection is 
critical in ensuring 
all information is 
not used to 
prejudice a 
candidate. 

Burke, 2019; 

Torres, 2017; 

Singer, 2019 

 

 

 

Case 
4 

Pymetrics Applies game 
technology to 
make 
neuroscientific 
tests appear fun 
and user-friendly 
with many 
successful 
applications in 
organisations.  

No literature 
was found that 
suggested any 
hurdles to the 
use of the tool. 

The tool showed 
that candidates 
felt an ease of use 
and perceived 
fairness and trust 
thus could be used 
as a foundation 
for all assessment 
type initiatives 
while improving 
employer 

Morrell, 2012; 

Pymetrics, 
2019 
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branding and 
improving the 
employee value 
proposition to 
make processes 
simpler and easier. 

Case 
5 

Applied The 
anonymisation of 
results of case 
questions that 
are rated by 
assessors 
ensures that the 
bias of screening 
is removed with 
success in 
improving 
inclusivity. 

No literature 
was found that 
suggested any 
hurdles to the 
use of the tool. 

The tool 
demonstrates that 
diversity and 
inclusion can be 
increased if the 
biases are 
removed to create 
a neural platform 
of comparison and 
measurement. 

Bourke & 
Dillon, 2018: 
84 

Case 
6 

Other use 
cases 

Multiple 
applications of 
analytics for 
recruitment 
showed positive 
results. Analytics 
showed a 25% 
improvement in 
hiring, with a 
300% increase in 
productivity, 70-
80% of manager 
time saved and 
an 85% increase 
of recruitment 
speed with an 
increase in 
diversity. 

A strong 
business use 
case needs to 
exist. The need 
for the 
organisation to 
automate in 
terms of a use 
case needs to be 
clear. 

The successes 
show that 
analytics tools and 
its various forms 
can be used 
together to 
improve the entire 
recruitment and 
selection process 
and overlap into 
onboarding and 
employee 
experience as an 
extended 
application. 

Koru, 
2019;Pagliari, 
Lauro, 
Antonelli & 
Tursunbayeva, 
2019 
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2.2.4 The current pitfall of the use of analytics in recruitment  

 

Several shortcomings have been identified in the use of analytics in recruitment. Some of the key 
findings have been listed below. 

Lack of capacity to explain decision tree 

Some studies suggest that the dark side of AI analytics models is the inability to explain how decisions 
are derived and that it is a bit of a black hole, especially when applied in a manner that affects people 
(Brey, Gupta, Heimbach, Marsden & Sharda, 2019). The biggest concern is if the tool perhaps making 
decisions based on biases learnt based on historical biases and therefore lacks fairness and 
transparency (Bloomberg, 2018; Puri, 2018).  

Biases in analytic algorithms 

The impact of biases in analytic algorithms has seen the demise of one of the largest organisation’s 
attempt at using a recruitment recommender (Dastin, 2018; Meyer, 2018). Biases are listed one of the 
key limitations of analytical models: Some researchers even claim that analytics models learn and 
perpetuate any human biases that may be embedded in the information used to train these models 
and that there is no guarantee that the bias can be removed from the models (Holmes, 2019). 

Bias is the act of supporting a particular tendency, person, inclination based on preconceived or 
personal influences and could even be unconscious where one is not aware of that influence on the 
judgment (Devlin, 2018; Cambridge Dictionary, 2020; Dictionary.com, 2020). Biases are introduced in 
several ways into an artificial intelligence model. One glaring bias is visible in the data used to train the 
models. This data is based on years of data collected on human decisions that may have been 
influenced by unconscious and concise biases, that now results in a model perpetuating the 
unintended bias (Parthasarathy, 2019).  

The traditional hiring process is plagued with bias from recruiters and managers (2019). Examples are 
the tendency to favouring males and light-skinned individuals or even the image recognition systems 
that penalise black people more than white people. Further, criminal justice AI systems are perceived 
as penalising black defendants more often than white defendants (Kvasny & Payton, 2018; Penchikala, 
2018; Silberg & Manyika, 2019). Although there are many studies on the limitations of AI models, 
further research shows that analytics can be used for rather removing the bias from hiring, therefore, 
improving diversity and inclusion (Bourke & Dillon, 2018; Österlind & Lindgren, 2018; Daugherty, 
Wilson & Chowdhury, 2019; Houser, 2019; Mainka, 2019; Siau, 2019; Zhang, Feinzig, Raisbeck & 
Mccombe, 2019). 

Slow adoption rate 

Although it seems as though analytics for recruitment is being used extensively, it is only being adopted 
in small pockets of organisations using some tools for the entire organisation and not others. This 
observation re-affirms Cappelli’s (2009) position that analytical algorithms that use machine learning 
require lots of historical information to improve the accuracy of the hiring recommender. Few 
organisations keep historical information and increasing the risk of a poor hiring algorithm, as a result 
of poor data (Cappelli, 2019).   
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Poor design of analytics models 

Bias enters the design of analytics models at various stages. Hao (2019) lists the possible entry points 
for bias from the initial steps of framing the problem, setting the goal of the model, step for data 
collection which may not be representative or reflect existing prejudices (historical data) and,  data 
preparation for the modelling. This means that selecting the correct attributes that would then be used 
in the model, the selection of attributes can impact the accuracy of a model and potential impact on 
the bias. In acknowledgement of the potential and implications of biases in analytical models; In 
mitigating the poor design effect, it is recommended that more accurate systems be used to monitor 
the models' algorithmic bias and outputs of the models to detect irregularities that may result in early 
detection of unintended biases (Manyika, Presten & Silberg, 2019; Shattuck, 2019).  

As machine learning, artificial intelligence and deep learning analytical solutions do not have cognitive 
biases, therefore the outputs are more inclusive and allow for diversity when compared to human 
biases in existing processes. Working with the right expertise with a combination of industrial and 
organisational specialists and data scientists together, with the adoption of frameworks in support of 
fairness, as well as the use of the right data and algorithms may create the enabling environment to 
mitigate against the potential for AI bias (McDade & Testman, 2019; Silberg & Manyika, 2019; Zhang 
et al., 2019). 

 

2.2.5 Cultural implications of the use of analytics in recruitment and selection 

 

Use of analytics in recruitment has an impact on diversity, inclusion, engagement, and trust. The 
literature on this impact is explored below. 

Inclusivity 

 A case study conducted by Deloitte reports that inclusive leaders result in improved team 
performance, improved quality of decision making, increase in team collaboration with diversity 
accounting for a 20% increase in innovation and a 30 % decrease in risk (Bersin, 2015a; Bourke & Dillon, 
2018).  

Diversity considerations 

Gender and ethnically diverse teams are more likely to outperform organisations by 15 % on gender 
and 35% on ethnicity (Hunt, Layton & Prince, 2015). Similarly, the performance also is significantly 
improved with diversity and inclusion (Catalyst, 2004). The case for diversity and inclusion alone 
provides sufficient return on investment on the human capital impact of the strategy (Bourke & Dillon, 
2013).  

Organisational climate 

In a study by George and Kamalanabhan (2016:358–359) using the Unified theory of acceptance and 
use of technology (UTAUT) identified from an individual’s viewpoint some of the top factors as; 
readiness to change, opportunities to use analytics, the understanding of the importance of analytics 
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and the performance expectancy.  Furthermore, the study found that organisational success factors 
were that of an analytics culture, training, and resources to create facilitating conditions, vision for the 
use of analytics, availability of data and opportunities of data sharing.  

Engagement and trust 

Engagement and trust of a diverse workforce and inclusive workforce is key. This makes the challenge 
to leaders to take more time and effort to ensure inclusion and diversity whilst supporting engagement 
for a global workforce that may not have a physical presence in the team. Engagement, however, is 
strongly linked to trust and therefore key in the foundation of the employee journey (West, 2013).  In 
agreement, Schwab (2016:101) emphasises the interrelationship of trust which favours engagement 
and teamwork creating a breeding ground for collaborative innovation. Trust is required in a world of 
work that is ever-changing. 

Bersin (2015b) mentions that new models of employee engagement are only successful if the culture 
of the organisation is open to change.  Therefore, the culture of learning, understanding analytics, 
benefits, challenges, learning to be aware and mindful of diversity and inclusion are important when 
utilising analytics to solve a business problem. 

 

2.2.6 Ethical Considerations 

 

Legal and reputation risks 

A lack of regulation for artificial intelligence systems and regulations for transparency and probability 
of propagating discrimination means that organisations are poised for potential legal and reputation 
risks (Chauhan, Iyengar, Katyal & Schatsky, 2019). Chauhan et al. (2019) further speak about ethical 
risks with regard to ethical standards to address the potential for discrimination, policies to govern the 
privacy of data, frameworks, accountability and governance on how analytics can be used in the 
organisation. 

Discriminatory practices 

As the systems being created may not be transparent in how it prevents an injustice and inequality in 
hiring to mitigate any discriminatory practices and ensure fairness, the perception of the applicant of 
such systems has not been addressed. This may mean that there is a risk that applicants do not trust 
or use such systems (Dencik, Edwards & Sánchez-Monedero, 2019).  On collecting employee data, 
organisations have to be mindful of what the value of the analytics tools are and constantly check if 
the solution treads a line of ethical uses and impacts the employee’s trust (Jacobs, 2017).  

Alignment of best practices 

Organisations need to ensure governance and alignment to best practices to ensure the ethical use of 
data (Leong, 2017). Google cancelled a US Military AI project due to mass concerns raised by Google 
employees on the ethical ramifications and negative effects of the product given that the intentions 
for good seem unclear (Griffith, 2018). Another example of how data use and the need for ethics is the 
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Facebook data breach by Cambridge Analytica stealing millions of users details for the US elections and 
Brexit (Graham, 2018; Leetaru, 2018; Wong, 2019).  

Internal control environment 

Firth-Butterfield (2020) suggests there are a few steps organisations can ensure the ethical use of data 
in analytics beginning with employing a Chief AI Ethics Officer to manage accountability, then to 
educate leaders about the benefits and challenges of using analytics. Other steps include proactive 
identification of risks, compliance to regulation about data privacy and ethics and plan forward with 
interventions to up-skill employees to understand and work with analytics responsibly. 

 

2.2.7 Future challenges of analytics in recruitment 

 

Unless organisations take the matter of analytics in recruitment seriously, the future is best with a 
multitude of challenges. Leading authors in this regard express varied but converging views in their 
forecasts. 

Rasmussen and Ulrich (2015) state that Human Resources analytics is at risk of becoming a 
management fad as there is little evidence that supports the value of HR analytics. Furthermore, if HR 
Analytics remains in its current form, then it will fail to add value to companies. In agreement, Madsen 
and Slatten (Madsen & Slatten, 2017) concur that HR analytics is a management fad that has been 
fashioned together by external actors in consulting houses, social media, conference and technology 
providers to create a hype and potentially false advertisement. 

Rasmussen and Ulrich (2015) provide a list of reasons which may retard the success of HR analytics in 
future: 

i.  Lack of analytic information on analytics in HR. 
ii. Data fetish as there is a drive for big data instead of data for informed decisions. 

iii. Using an academic mindset in a business setting where problems are solved based on assumptions. 
The business will require integrated solutions for complicated challenges. 

iv. HR analytics is run from an HR centre of expertise as HR data alone will not help the business move 
forward and apply analytics across all functions in the organisation to attain more insight. 

Ulrich et al. (2015) refers to a 2012 competency study and picked up three information or data related 
factors;  

i. findings from the study found that HR does not leverage off social networking well. 
ii. no strong ability to apply technology to itself and  

iii. HR is not actively involved in the flow of information.  

Added to the pitfalls, Higginbottom (2018) refers to the pressure for HR to adapt to the impact of 
analytics in the organisation. Delen (2015) states that organisations are hesitant to use analytics due 
to various concerns. Some of the concerns noted were:  



 

36 

i. Analytics Talent: The talent required for analytics is still developing and there are few good data 
scientists even though tertiary institutions have started adapting the curriculum. 

ii. Culture and Change Management: It is a culture shift for people to discard some skills of the past 
and learns new analytic skills. Angrave, Charlwood, Kirkpatrick, Lawrence and Stuart (2016) 
mentions that many in HR do not understand analytics or big data whilst analytics teams do not 
understand HR. 

iii. Return on Investment: It is difficult to justify the cost of analytics projects especially since the 
return is not clear. 

iv. Data: The types of data that will be coming in will vary and may then not work with the existing 
traditional systems, therefore the approach for implementing analytics needs to be well 
structured and planned. 

v. Technology: Infrastructure for analytics is costly and the organisation may not want to invest large 
amounts into the technology if the ROI is not clear. 

vi. Security and Privacy: Even with security protocols in place, the risk of a data breach of sensitive 
and confidential data about candidates and employees is a concern to organisations. This point 
was also raised by (Agarwal et al., 2018) on the ethics and risks with regard to large volumes of 
data of employees. 

Only 28% of recruiters state they would trust a robot selected candidate. The risk of spying on 
candidates via social media also raises more ethical issues and the possibility that the ability of 
prediction using artificial intelligence (AI) can emulate human biased decisions or preferences 
(Chamorrow-Premuzic, 2018). Further, the use of very personal information about a candidate 
requires a lot of trust in the process as it may not be able to explain why certain candidates are more 
talented than others as reported by Cave (2018).   

The potential of the incorrect, biased or unethical decisions that are enabled by the use of analytics 
may become so ingrained into the organisation that it will be difficult to change as mentioned by 
(Huselid, 2018). It will become critical for the workforce metrics and application of analytic systems to 
be grounded in the research and application of social science with statistical information as one of the 
key critical decisions (Huselid, 2018).  

The lack of analytics skills was noted as a reason for the slow growth of analytics in the retail industry 
in South African (Johnston et al., 2015:692). In a study on the acceptance of HR analytics as a 
technology, the top influencing factor identified by individuals on the success of HR analytics was that 
of individual’s inadequate analytical skills (George & Kamalanabhan, 2016:358–359).  As part of a 
conference preceding, the speed and depth at which analytics is being used do not afford much time 
to be prepared skill-wise. The quality and standard of education are critical for supporting future 
analytic systems applications (Siar, 2018). 

The ability for HR professionals to obtain analytical skills and apply them will increase the effectiveness 
of the analytics strategy. If there is a clear lack of intent for the organisation to adopt an analytics 
mindset, then the impact of an analytics strategy will be short-lived (Kryscynski, Reeves, Russell, Stice-
Lusvardi & Ulrich, 2018). In addition, Kryscynski et al. (2018) found that the even though there is an 
increase in the application of learning and development analytics, the learning and development 
professionals make less use of the tools.  The success of analytics is not just in the ability of the tool or 
system to work, but the buy-in and adoption from key stakeholders and the benefits of analytics for 
improving how their jobs are done is impacted negatively. 
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Despite the growth of analytics in HR within organisations has realised marked improvements in 
engagement, performance, and profitability, but those organisations only represent 17% of companies 
successfully using analytics in HR. The rest of the organisations are behind showing a slow adoption of 
analytics in HR (Deloitte’s Bersin Finds Effective Use of People Analytics Is Strongly Related to Improved 
Talent and Business Outcomes, 2017).   

 

2.2.8 Unintended consequences of analytics in recruitment 

 

Industry 4.0 refers to the changes within an organisation and the internal value chains and processes 
in response to the fourth industrial revolution (Koch, Merkofer & Schlaepfer, 2015:3). There is a 
possibility of job losses with the evolution into industry 4.0 with jobs being rapidly automated and 
replaced with systems, algorithms or robots (World Economic Forum, 2016). The impact of the 
automation is to focus on creating awareness that people need to upskill and adapt their skills to evolve 
into roles that will exist in the future (Siar, 2018:15).  

A qualitative study by Upadhyay and Khandelwal (2018) shows that people in the recruitment space 
acknowledge that automation will change how the recruitment processes work and therefore, 
requiring an upgrading of work into a more high-touch business model. The 41% of the respondents 
feared a job loses, while 30% predicting more jobs and 29% were uncertain of the future. A similar 
study of 6000 employees in IBM shows that people in the organisation are keen on using artificial 
intelligence, but are not ready for the actual changes and any structural transformations (İşgüzar & 
Ayden, 2018). 

There may be a risk that not every person will be able to be re-skilled for a role in the organisation. 
Even with the organisation's approach to training and upskilling people, there may be some regretful 
loss of systems and personnel as a result of evolving to Industry 4.0. 

The challenge of organisations to pro-actively evolve to industry 4.0 with a skilled and capable 
workforce, a consequence is that the workforce may be poached and therefore increasing the risk of 
losing the talent pool. If the employee value proposition and benefits are insufficient to retain 
employees, then the organisation will be in a constant state of un-preparedness. 

2.3 Technology Acceptance Model (TAM3) 

The Technology Acceptance Model 3 (TAM3) represented in Figure 1.3. is a systems theory that is used 
to model how system users use and accept a new technology (Venkatesh & Bala, 2008). The model is 
an evolution of the first TAM model by Davis created to determine acceptance of new systems or 
technologies and the intention to use a system from the perceived usefulness of the system and the 
perceived ease of use (Davis, 1989). The perceived usefulness was described as the level in which the 
system will require low effort and the perceived usefulness was the level in which the system usage 
will improve job performance and the attitude to use the system was derived from the two constructs 
to infer actual system use. 

Lai (2017) describes the evolution of the TAM model that led to the creation of the TAM2 model by 
Ventkatesh and Davis (2000) expanded the model to detail more of the reasons that a system user 
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would find a system useful. These reasons included voluntariness to the usage of the system, the 
previous knowledge and experiences of the user that impacts using the system, the ability to 
demonstrate results, quality of outputs support the user and improves the quality of work, the system 
shows relevance to the users' job, the subjective norm of the user with their personal experience and 
the image created by using the system. The subjective norm was the users’ perception that people 
who are considered important want them to use the system, and voluntariness is the usage is seen as 
being through free will and voluntarily. The image refers to the extent the usage of the system will 
enhance a person image or status in the social system.  

The TAM3 evolved to integrate TAM2 with additional categories reflecting individual difference, 
system characteristic, social influences and the conditions that facilitate system use (Lai, 2017). The 
additional constructs added to the model included self-efficacy which reflects on the ability of the user 
to achieve the task using the system or tool, then anxiety relating to the cognitive reaction to the use 
of a new system or tool and playfulness links to the playful interaction to usage (Hasani, Chroqui, Okar, 
Ouiddad, Talea, 2017).  

The TAM3 model has been applied in the assessment of the use of new technologies in many use cases 
such as the use of tablet computers, ICT adoption, e-commerce models, e-learning usage, autonomous 
ships (Farahat, 2012; Nath, Bhal & Kapoor, 2013; Kumar, 2014a; Fayad & Paper, 2015; Ducey & 
Coovert, 2016; Roestad, 2016; Almojaibel, 2017; Tan, 2019).  The TAM3 model has been used to access 
the usage of numerous technology systems and solutions and therefore is appropriate for the use of 
accessing the implementation of analytics for recruitment. 

 

 Chapter Summary 

From the literature review, there is a gap in the literature for the model for the application of analytics 
in recruitment and selection process in the human resources management and a gap in understanding 
why the use of the tools provided by analytics is low or a seemingly low success rate for a South African 
organisation. The research question and sub-research question findings for the literature review are 
detailed below. 

 Primary Research Question:  

Can recruitment and selection be improved using HR Analytics? 

Sub-research questions for Literature Review: 

What are the tools and constructs that comprise the recruitment and selection process? 

What factors may influence the use of Analytics as a tool in recruitment selection? 

How does recruitment and selection leverage of analytics leveraging to form a recruitment 
decision?  

In terms of the primary research questions, the literature review has found in the literature numerous 
case studies that have quantitatively measured the improvement of recruitment and selection using 
analytics. The sub-research questions have detailed various tools that can be used along the 
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recruitment and selection process that can be improved by analytics. The critical influencing factors 
have been documented in the literature review. Numerous applications of analytics in recruitment 
have been documented in the literature and multiple studies show how analytics can improve the 
organisation’s ability to onboard, retain and maintain. 

The approach to theory development is to construct a conceptual framework underpinned by the 
TAM3 model on understanding the role players impacting the application of analytics to the 
recruitment and selection process when recruiting for a new entrant into the workplace and a study 
on the potential acceptance and usage of such analytic tools in the recruitment and selection process.   

2.5 Conclusion 

The literature review showed that the human resources management and the recruitment and 
selection processes are well-founded in the literature and practices align with the literature except for 
a clear recruitment strategy and measurement of its success. Analytics as a concept is also well-
founded in literature, however, becomes sparse when delving into analytics in HR and then more 
specifically analytics for the recruitment and selection process. There are many external sources in 
blogs, web pages, analytics service providers and analytics interest groups on the topic of recruitment 
and selection with the use of analytics in a few international organisations however only a handful of 
articles in journals and academic literature. South African case studies of analytics in HR is not well 
documented in the literature and is a gap in terms of analytics applied in the context of South African 
companies that follow employment equity practices. 

The next chapter details the steps undertaken in the research design of the study.  
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Chapter 3: Research Design 

3.0 Introduction 

In this chapter, the details of the research design were broken down to show the thought processes 
used in the selection of the research design, the details of the research design approach, the approach 
to design methodology, the tools used to achieve the design, the approach for data integrity and the 
approach for ethical research. 

3.1 Research design rationale 

The ontological assumption of the researcher was that of a critical realist with a view of an objective 
world ingrained in the ability to interpret the reality independently. Together with the epistemological 
view of a post-positivist, the researcher believed in the philosophical system that identifies reality as 
that which can be measured. The truth of the outcome was determined by the findings together with 
interpretation and analysis performed by the researcher. The study utilises deductive reasoning to 
assess the hypothesis. Following the research methodology of deductive reasoning, a quantitative 
design had been selected as the research design for the study to facilitate a formal, objective, 
systematic process to the study. 

The problem that the study intended to address is the inability of recruiters to use data to improve the 
selection of a suitable candidate for a job position. Based on the ontological and epistemological 
assumptions as well as the type of research problem the best design was a deductive approach using 
a quantitative design to the study (Creswell, 2009a; Kumar, 2014b).   The researcher was independent 
of the variables in the study and the results of the study emerged from the analysis of data collected 
thus supporting the Positivist research paradigm. The outcome and interpretation of the results 
reflected the input and inherent bias of the researcher thus supporting the post-positivist perspective.  

The study intended to undertake research where the researcher was independent and an unobtrusive 
observer to the study. The researcher merely conducted the study as an instrument to validate or 
invalidate the study and the research question with the use of a formal, objective, and systematic 
process to analyse the data. The researcher intended to determine the correlation between the use of 
human analytics and improved selection process. The results of the research aimed to be generalisable 
and therefore most suited to a quantitative study. The critical analysis of the results of the quantitative 
study supported the researcher’s interpretation of the results.  

The approach for the research strategy of the study involved the collection of survey data from the 
organisation at a point in time so that the researcher could perform statistical procedures to analyse 
the result of the relationship of the selection of candidates and the use of analytics. The rationale of 
the design with the researcher’s viewpoint as a critical realist and a world view of a post-positivist 
influenced the design to collect large volumes of data to arrive at a statistical finding of recruitment 
and the relationship to analytics. This need for statistical results therefore provided a quantitative and 
measurable result to the output of the study. The postpositivist view critiques the results for 
misinterpretation or possible limitations in the study.  

The research design is represented in Figure 3.1 below. This figure depicts the research onion and the 
layers contributing to the research design.  
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 Figure 3.1: Research Design 

The research design represents the flow of the study design with the researcher’s ontology of critical 
realism, to how reality is known and is measurable however requires interpretation which informs the 
theoretical perspective of a post-positivist. The approach using deductive reasoning is used to evaluate 
premise and hypothesis therefore in support of a quantitative methodology conducted with a data 
collection strategy of a survey. The participants and responses are limited to a cross-section in time 
and the results of the survey are analysed statistically to test the research premise and hypothesis as 
well as allow the researcher the opportunity to critically evaluate the results and the truth. 

The primary research question identified was:  

Can recruitment and selection be improved using HR Analytics?  

The study aimed to determine the factors that were impacting the adoption by use and view of HR 
Analytics in the recruitment and selection of candidates by determining the correlation between the 
use of HR Analytics and improved selection process. 

The deductive nature of theory development led to the adoption of a quantitative approach to 
research design. Creswell contends that quantitative research uses different methods of inquiry 
through the use of experiments, and also data collections using surveys to provide statistical data 
(Creswell, 2009a). The study, therefore, was based on quantitative research design in determining the 
hypotheses and testing a few premises.  
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 The hypothesis was: The use of HR Analytics can aid the recruitment and selection process in selecting 
the most suitable candidate/s for a role. The deductive nature of the study, therefore, arrived at a 
point to confirm or reject the hypothesis(H1) by testing against the four premises (P1), (P2), (P3), and 
(P4).  

3.2 Details of Research Design 

The research design selected was a quantitative approach. The use of a quantitative approach for the 
study required a hypothesis, independent variables, and dependent variables to be defined. The 
research design followed on determining the hypotheses (H1) and testing a few premises to accept or 
reject H1. The hypotheses for the study are listed below. 

The hypothesis (H1) was: With the use of data, HR Analytics can aid the recruitment and selection 
process in selecting the most suitable candidate/s to a role from hundreds to thousands of 
applications. 

The alternative hypothesis (Ha) was: The use of HR Analytics can negatively influence the recruitment 
and selection process in selecting the most suitable candidate/s for a role. 

The null hypothesis (H0) therefore follows as the use of HR Analytics had no impact on improving the 
recruitment and selection process in selecting the most suitable candidate/s for a role. 

The independent and dependent variables identified from the hypothesis are described in Table 3.1 
below together with the data type. 

Table 3.1: Variable Classification 

Variable Name Variable Type Data Type 
Recruitment and selection of a candidate Dependent Variable (DV)    Ordinal 
Suitable candidate Dependent Variable (DV) Ordinal 
Data and analytics Independent Variable (IV) Ordinal 

 

To ascertain if H1 was to be accepted, the following premises were tested and with the use of deductive 
reasoning, determined if the conclusion was true and H1 would have been accepted. If H1 was not 
accepted, H1 would have been rejected and the H0 hypothesis or Ha hypothesis would have prevailed.  

1. Premise 1 (P1): Data can provide insight into an applicant  

2. Premise 2 (P2): Analytics can guide the selection of an applicant 

3. Premise 3 (P3): Analytics in recruitment will improve quality of hire 

4. Premise 4 (P4): Analytics in recruitment reduces the recruiter bias. 

5. Conclusion: HR Analytics can aid the recruitment and selection process for the most suitable 
candidate/s for job positions 
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The role of the researcher in the research design was to collect data then analyse and interpret the 
results from the data collected with the aid of statistical tools. The approach the researcher was to use 
the interpretation of the results of the study to derive insight into the findings of the study. The findings 
of the study then determined if the hypothesis(H1) would have been accepted or rejected.  

 

3.3  Research design 

 

The study followed a descriptive design and a correlational design. As the data for the study was 
collected using a close-ended survey as the tool for data collection, the results were then coded to 
allow for statistical analysis and interpretation. 

The descriptive design was used to analyse the results to determine the mean, median, mode, standard 
deviation, range, sum and count of the responses (Pérez-Vicente & Expósito Ruiz, 2009; Bhatia & Jaggi, 
2012; Bleibaum, Stone & Thomas, 2012). The descriptive analysis was performed on the responses to 
each question and aggregated to analyse the theme linked to the question. The selection of the 
descriptive design for the analysis was to understand the distribution of the responses and identify key 
responses that were reflective of the sample population. 

The correlational methodology was selected to further analyse the results of the data collections to 
perform correlational analysis using the correlation coefficients to determine the correlation between 
the dependent and independent variables.  The correlational analysis measured the degree of 
association between two or more variables. The correlational research intended to investigate how 
the changes in one variable relate or differentiates to other variables (Leedy & Ormrod, 2010). 

A correlational analysis may indicate there is a relationship between two variables; however, it is not 
always possible to make inferences about the general population based on a correlation (Curtis, 
Comiskey & Dempsey, 2016). Caution is to be noted as correlation implies that an independent variable 
and a dependent variable may be related, however it does not imply that a change in one variable 
leads to a change in the other variable or that any causation exists between the variables. 

The study made use of the Pearson product-moment correlation to examine the relationship between 
constructs by determining the significance of the correlation. The P-value(ρ) is the probability that you 
would have found the current result if the correlation coefficient were in fact zero (null hypothesis). If 
this probability is lower than the conventional 5% (P<0.05) the correlation coefficient is called 
statistically significant. Using a two-tailed significance test, the hypothesis is refined to: 

H0: ρ = 0 

H1: ρ <> 0   

If the p-value is less than the significance level (α = 0.05), then the decision is to, therefore, reject the 
null hypothesis(H0). In the case the p-value is less than 0.05, then the conclusion follows that there is 
sufficient evidence to conclude would be a significant linear relationship between recruitment and 
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selection, sourcing suitable candidates and the use of data and analytics because the correlation 
coefficient is significantly different from zero.  

3.3.1 Data Collection 

 

The steps for data collection were aligned with the research question by corresponding to sub-research 
questions. Each data collection step was aligned with the sub-research question categories.  

The primary research question was: Can recruitment and selection be improved using HR Analytics? 

The sub-research questions (1.1 to 1.3) related to the aim of understanding the key concepts and 
constructs in: 

a) Human Resource Management: Recruitment and Selection 
b) Analytics in Human Resources 
c) Analytics for Recruitment and Selection in Human Resources 

The sub-research questions were:  

What are the tools and constructs that comprise the recruitment and selection process? 

What factors may influence the use of Analytics as a tool in recruitment selection? 

How does recruitment and selection leverage of analytics to form a recruitment decision?  

The data was collected for these sub-research questions by means of an in-depth literature review. 
The literature review had been selected to allow the researcher to find a gap in the literature that the 
study would reside. The literature also provided the study with the guideline as to the theoretical 
framework best suited for the study.  

The sub-research questions (2.1 to 2.3) relate to the aim of collecting data to investigate the extent to 
which the recruiter’s adoption of HR Analytics to inform the selection of candidates was correlated. To 
enable the collection of data for this, the study undertook a self-administered quantitative coded 
survey with the use of close-ended questions. The questions were then coded to allow for statistical 
analysis. The data collected in the survey was the primary data for the study as the researcher collected 
the data for purposes of achieving the aim of the study. 

The survey had been selected as a method for data collection, to allow for a more representative 
finding based on input from the recruitment community and those closely involved. The close-ended 
questions in the survey allowed for a larger sample of the population as well as allow the results of the 
study to be more generalisable. Questions in the survey followed different question styles. Some of 
the questions followed the Likert scale as guidance to the responses to questions (Bishop & Herron, 
2015; Harpe, 2015; Joshi, Kale, Chandel & Pal, 2015; Maeda, 2015). Other question types used were 
ordinal questions, dichotomous questions, and semantic differential questions. 

The questions in the survey were grouped into themes as identified by the theoretical framework 
(TAM3) as well as wider mappings to the sub-research questions (2.1 to 2.3): 
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How many recruiters believe that HR Data and analytics has a place in recruitment? 

How much of a positive impact with HR data and analytics have on recruitment? 

How much will the quality of hire improve with the use of HR data and analytics? 

The data was collected in two approaches: 

a) A list of recruiters and managers the site of the study was recruited via email to request the 
completion of the survey. The survey did not store information of the person surveyed; hence 
the researcher was not able to track who did or did not participate in the survey. 

b) Recruiters externally to the site of the study were sourced either by referral or through the 
social networks of the recruiters and managers at the site or of the researcher. The accessible 
hyperlink to the survey was shared via email, LinkedIn chats, and mobile communication chats. 

The link to the survey remained open for a limited timeframe from 01 June 2020 till 20 June 2020, 
however, the results to the survey could be accessed as the study progressed to monitor the 
completion rate. The results of both collections were collated centrally into one dataset that was used 
for analysis. 

The data for the following steps were dependent on the results collected in the survey as input into 
the next step of the analysis of data. The objective of the data analysis phase was to: 

a) Identify key constructs which may have impeded the use of data in the form of analytics in 
recruitment and selection by a negative correlation 

b) Identify the key constructs which have supported the use of data in the form of analytics in 
recruitment by a positive correlation 

The results were then be used to answer the sub-research question: 

What was the correlation between the factors affecting the current recruitment and selection 
process and the adoption of HR Analytics? 

The data collected from this step was statistical data which was the output of the descriptive analysis 
and the correlation analysis. The data collected by the descriptive analysis was used to understand the 
population and the responses as an overview. The data collected by undertaking the correlation 
analysis provided a correlation coefficient between the constructs of the study. The output of the 
correlation coefficient was then used as the data for the next objective of the study. 

The final objective of the study was to use the results from the analysis to determine if the research 
aim had been met. If the aim of the study had not been achieved, analyse and determine what factors 
resulted in the aim not having been achieved. If the aim of the study had been met, derive the factors 
and the findings accordingly. 

The data then used for this was determined by using the data from the analysis to then be tested 
against the hypothesis of the study. The output of the data from the statistical analysis provided 
sufficient information to accept or reject the hypothesis(H1). 
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Hypothesis(H1):  The use of HR Analytics can aid the recruitment and selection process in selecting the 
most suitable candidate/s for a role. 

The alternative hypothesis (Ha): The use of HR Analytics can negatively influence the recruitment and 
selection process in selecting the most suitable candidate/s for a role. 

Null hypothesis(H0): The use of HR Analytics has no impact on improving the recruitment and selection 
process in selecting the most suitable candidate/s for a role. 

The data for the final step of the study was, therefore, the output of testing the hypothesis using the 
P-value(ρ) derived in the statistical analysis in the previous step: 

H0: ρ = 0 

H1:   ρ <> 0   

 

Table 3.2: Research Methodology – Summary to approach data collection 

Research Problem:  The problem that this study intended to address was the lack of use of Analytics 
as a tool that will enable the recruitment and selection of new entrants into the workplace. 

Aim: Primary Research Question: Data Collection: 

The study aimed to determine 
the factors that are impacting 
the adoption by use and view 
of HR Analytics in the 
recruitment and selection of 
candidates by determining the 
correlation between the use 
of HR Analytics and improved 
selection process. 

Can recruitment and selection 
be improved using HR 
Analytics?  

Data was collected by the use of 
the following: 

a) a literature review 
b) a self-administered 

quantitative coded survey as 
primary data 

c) statistical data from 
descriptive and correlational 
analysis.  

d) statistical output to test the 
hypothesis against the 
probability. 
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Objectives: 

Objective 1: Undertook a 
literature review to 
understand key concepts and 
constructs in: 
a) Human Resource 
Management: Recruitment 
and Selection in Human 
Resources 
b) Analytics in Human 
Resources 
c) Analytics for Recruitment 
and Selection in Human 
Resources. 

Secondary Research Questions:  

 1.1 What are the tools and 
constructs that comprise the 
recruitment and selection 
process? 
1.2 What factors may influence 
the use of Analytics as a tool in 
recruitment selection? 
1.3 How does recruitment and 
selection leverage of analytics 
to form a recruitment decision? 

Data Collection: 

 Data and information found 
through the study of the 
research of the theoretical 
scholars by means of a 
literature review. 

Objective 2: Collected data to 
investigate and explore the 
extent to which the recruiter’s 
adoption of HR Analytics to 
inform the selection of 
candidates is correlated. 

2.1 How many recruiters believe 
that HR Data analytics has a 
place in recruitment?  
2.2 How much of a positive 
impact will HR Analytics have on 
recruitment? 

2.3 How much will the quality of 
hire improve with the use of HR 
Analytics? 

Primary data was collected 
employing a survey.  

 
The survey questionnaire 
contained closed-ended 
questions to which the results 
were coded for performing a 
descriptive analysis and 
correlational analysis. 

Objective 3: Based on the 
analysis of the data collected, 
the researcher: 
a)  identified the key 
constructs which may impede 
the use of data in the form of 
analytics in recruitment and 
selection by negative 
correlation. 
b) identified the key 
constructs which may support 
the use of data in the form of 
analytics in recruitment by a 
positive correlation. 

3.1 What is the correlation 
between the factors affecting 
the current recruitment and 
selection process and the 
adoption of HR Analytics? 

Using statistical analysis tools 
SPSS, the data was interpreted 
statistically. Descriptive analysis 
and correlational analysis as 
used and the output of the 
statistical analysis of the data 
collected in the survey 
determined the outcome of this 
phase.  
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Objective 4: Based on the 
data, tested the results against 
the aim.  

If the aim of the study has not 
been achieved, determine 
what factors resulted in the 
aim not being achieved. If the 
aim of the study has been 
met, derive the factors and 
findings accordingly. 

4.1 Is the usage of HR Analytics 
for recruitment and selection 
affected by factors that are 
experienced by recruiters? 

Using the statistical findings of 
the data analysis step, the P-
value was used to determine if 
a correlation existed or not and 
used the P-value to determine if 
the hypothesis(H1) is accepted. 

 

In summary, the data was collected through four distinct steps: 

1. Literature review – Data was collected by a detailed literature review 
2. Collect data – a self-administered quantitative survey with close-ended questions was used and 

coded in preparation for statistical analysis 
3. Analyse data - used the data results from the survey to perform a descriptive and correlational 

analysis and used the output of statistical data to determine the outcome 
4. Determination of an outcome – using the results of the statistical analysis, test the results against 

the hypotheses (H0), (H1) and (Ha). 

3.3.2 Population 

For the study to be generalisable, the sample selected for the study needed to be representative of 
the population. The population of recruiters in South Africa was not known. There were in excess of 
10 000 recruiters who were members of the Confederation of Associations in the Private Employment 
Sector (Capes, 2018).  

The population of the study was aimed at people in the organisation who perform the role of a 
recruiter as well as a selection of hiring managers.  The population of 5785 employees comprising 142 
recruiters and 5643 managers within the organisation was considered (Williams, 2020). 

3.3.3 Data Sampling Approach 

A sampling of the population is required to extract a subset of the population to elicit a response from.  
To obtain a 95% confidence level with a 5% margin of error (confidence interval) the population of 
5785 employees was considered, the sample, therefore, needed to be a minimum of 361 respondents.   

 

Sample Size Calculator 

This calculator computed the minimum number of necessary samples to meet the desired statistical 
constraints based on the selected confidence level, the margin of error and population size. The results 
in Figure 3.1 below reflected the sample results using the parameters of the study. 
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Figure 3.2: Sample size calculator  

Source: (https://www.calculator.net/sample-size-calculator.html) (2020)     

In selecting and determining the sample size for the study; the population, target population, margin 
of error, confidence interval and the standard deviation were needed to determine the most effective 
sample size. The sample was, therefore, the ideal size of the population to survey that was most 
representative of the entire population of recruiters. 

The margin of error (confidence interval) is the range of how different the results are relative to the 
mean of the population. For this study, the margin of error had been set to a conservative 5%. The 
confidence level refers to how confident the researcher is that the mean will fall within the confidence 
interval selected. The confidence level for the study had also been therefore set to a conservative 95%.  

The standard deviation (StdDev) is the amount of variation expected in the responses. As the study 
had not commenced; the range of data required to determine the standard deviation was unavailable 
and the study presumed a variation of 50%, resulting in a standard deviation of 0.5 being used. The 
sample size was calculated by the following formula: 

 

n = (Z-score)2 * StdDev * (1-StdDev) / (margin of error)2  
 

Where n is the sample size, Z is the statistic corresponding to the level of confidence. The Z-score is 
referenced multiple statistical resources using the level of confidence and the type of study (Deviant, 
2011; Camm, Cochran, Fry, Ohlmann & Anderson, 2015; Jawlik, 2016). The Z-score using a 95% 
confidence level was then 1.96.   

 Based on the calculation of the sample size performed above, the suggested a sample size of 361 was 
determined based on a margin of error (confidence interval) of 5% and a 95% confidence level. 

The organisation the study was conducted at had approved the study on condition that the 
organisation performed the selection of the lists of managers and recruiters that the researcher was 
allowed to survey. This limited the ability of the researcher to use a probabilistic sampling method and 
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therefore used the non-probabilistic sampling approach. The sampling methodology selected for the 
study was a non-probability sampling approach.  

A census, purposive sampling, snowball sampling, and convenience sampling was utilised as the 
sampling approach for the study. A census entailed surveying all 142 recruiters and purposive sampling 
to obtain a selection of the 5643 managers working at the site of the study participating in a survey. 
As the sample needed to be a minimum of 361 respondents as per Figure 3.1, to elicit a larger response, 
snowball and convenience sampling was also used to elicit a response from recruiters external to the 
organisation to complete the survey via social networks of the researcher and respondents.   

 

Table 3.3: Research Methodology – Data Sampling 

Data Collection 
Research Questions Population Sample Size Sampling Method 

2.1 How many recruiters 
believe that HR Data 
analytics has a place in 
recruitment?  
2.2 How much of a 
positive impact will HR 
Analytics have on 
recruitment? 

2.3 How much will the 
quality of hire improve 
with the use of HR 
Analytics?  

The population targeted 
for the survey was 142 
recruiters and 5643 hiring 
managers internal to the 
organisation therefore a 
total population of 5785. 

361 at a 95% 
confidence level 
and 5% margin of 
error (confidence 
interval) 

a) Census at the site of 
the study of 142 
recruiters 

b) A purposive sample 
set of managers to 
complete the survey. 

c) Snowball Sampling 
for external to the site 
of study 

d) Convenience 
sampling for external 
to the site of study 

 

 

The sampling techniques selected for the study were based on a combination of approaches. A census 
was used to survey the recruiters at the site of the study. The population of recruiters at the site of the 
study, however, was insufficient to meet the sample requirements and small in volume, therefore 
purposive sampling of the hiring managers was required. The organisation provided a subset of hiring 
mangers that could be surveyed. If there were still too few responses, snowball and convenience 
sampling would be used to elicit referral to recruiters external to the site of the study as potential 
participants to the survey. 

For the snowball sampling, the researcher relied on recruiters who had been surveyed to refer to 
additional participants. The networks recruiters at the site of the study maintained to recruiters 
external to the site were leveraged off and used as a channel to source more respondents.  

 To further expand the remit of the reach for the study, convenience sampling was used to elicit 
additional responses. The convenience sampling was used by the researcher in finding leads to 
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recruiters externally to the organisation that has not been already referred to the study in the snowball 
and purposive sampling approach. The use of convenience sampling of the researcher reduced the bias 
of the referral networks emanating from within the site of the study and avoided a recruiter referring 
only like-minded recruiters. The researcher intended to use social networks to elicit a greater response 
using snowball sampling from the recruitment community external to the site of the study.  

 

3.3.4 Data Collection Instrument 

 

The data for the study was collected by the use of a single online survey. The survey contained a series 
of close-ended questions. Each question was coded to a corresponding result to enable quantitative 
analysis. The results of the online survey were then utilised to perform descriptive and correlational 
analysis. 

The survey instrument was designed to elicit demographic information about the participant as well 
as contextual information about their experience with the stages of the recruitment process as per the 
final survey design in Appendix B. The demographic questions were used to indicate the primary role 
of the participant, the types of roles the participant performs recruitment and the volumes of 
vacancies and appliance the participant responds to. 

Remaining questions on the survey were mapped to various constructs of the TAM3 framework and 
therefore probed on aspects of recruitment that corresponded to the subjective norm, output quality, 
job relevance, perceived impact, perceived usefulness, and intention to use. Further questions 
included in the survey probed for the participants’ preferences for data tools and the questions that 
supposed the premise tests. The options for responses were closed with a selection of responses 
limited to Likert scale options or contextually relevant options to the question.  

The questions numbers were mapped to the themes and the themes were linked to research questions 
and premise tests. The mapping of questions to research questions and TAM3 themes are contained 
in Figure 3.4 below.  
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Figure 3.3: Survey Question mapping to Research Questions and Premise 

 

To administer the survey an online survey was created and shared with a hyperlink using the capability 
of Microsoft Forms. Microsoft Forms allowed for a variety of closed-ended question types to be added 
to the survey. Microsoft Forms allowed for the survey to be able to be completed on a computer or a 
mobile device that had an internet connection. The organisation supplied lists of email addresses of 
talent sourcing specialists and hiring managers and the hyperlinks together with the survey invitation 
was emailed to the participant. The results from the surveys were exported from Microsoft Forms and 
collated into a consolidated results dataset which was later used for analysis. 

The Microsoft Forms allowed for a survey to be accessible via a computer or a mobile device, both 
available internally to the participants at the site of the study as well as participants external to the 

Data point Description Question Codes

DEM Demographic DEM001, DEM002, DEM003, DEM004

TAM-SN TAM Framework - Subjective norm SN001, SN002, SN003, SN004

TAM-OQ TAM Framework - Output Quality
OQ001, OQ002, OQ003, OQ004, OQ005, 
OQ006, OQ007

TAM-JR TAM Framework - Job Relevance JR001, JR002

TAM-PI TAM Framework - Percieved Impact PI001, PI002, PI003, PI004, PI005

TAM-PU TAM Framework - Percieved Usefulness
PU001, PU002, PU003, PU004, PU006, 
PU007, PU008, PU009

TAM_ITU TAM Framework - Intention to use
ITU_001, ITU_002, ITU_003, ITU004, 
ITU006, ITU006

Premise 1
Data can provide insight into an 
applicant P1_001, P1_002

Premise 2
Data can provide insight into an 
applicant P2_001, P2_002

Premise 3
Analytics in recruitment will improve 
quality of hire P3_001, P3_002

Premise 4
Analytics in recruitment will improve 
quality of hire P4_001, P4_002, P4_003

RQ1

How many recruiters believe that HR 
Data analytics has a place in 
recruitment? 

PU002, PU003

RQ2
How much of a positive impact will HR 
analytics have on recruitment? PU007, PU008, PU009

RQ3
Will the quality of hire improve with the 
use of HR Analytics? P3_002
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site. This additional convenience, therefore, resulted in a higher completion rate and a varied pool of 
responses from recruiters. The survey results were coded to enable statistical analysis.  

Access to the survey was obtained through a hyperlink that was shared to the respondents over 
multiple online media platforms including email, websites, mobile chat groups, and online chat groups. 
Prior to participation, the survey initiator prompted a privacy and survey consent confirmation. Only 
upon the respondent accepting the consent was the respondent able to proceed with the survey.  

The response to the survey was dependent on the survey participant taking time out to complete the 
survey at their leisure. The risk however associated with flexibility was that the respondent may not 
complete the survey. As the survey was distributed by a census, snowball, purposive and convenience 
sampling; the researcher was not able to contact every participant to follow up on completion as the 
link could be shared without the knowledge of the researcher. The benefit, however, was that the link 
can be shared with a larger group of participants who were not easily accessible geographically 
allowing for a more representative finding. 

 

Table 3.4: Research Methodology – Data Collection Tools Summary 

Data Collection Research 
Questions Data Collection Tool/s 

2.1 How many recruiters believe 
that HR Data analytics has a place in 
recruitment?  

2.2 How much of a positive impact 
will HR Analytics have on 
recruitment? 

2.3 How much will the quality of 
hire improve with the use of HR 
Analytics?  

For the study, data for all the sub-research questions were 
collected using a single self-administered quantitative coded 
survey using close-ended questions and the results coded for 
statistical analysis. The survey was created using Microsoft 
Forms.  

 

The Microsoft Forms allowed for the creation of an online 
survey, which could be accessed through a hyperlink that could 
be shared over technology communication channels. The 
recruiter would have needed to have an internet connection to 
be able to complete the survey questionnaire. 

 

3.3.5 Pilot Testing 

 

To ensure that the survey experience, layout, flow and question flow and context was clear, a sample 
of managers were selected to participate in the pilot testing of the survey. The purpose of the pilot 
test of the survey is to refine the questionnaire so that the participants do not experience any problems 
when responding to the question and there are minimal problems when recording and analysing the 
data (Saunders, Lewis & Thornhill, 2009:394). 
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The pilot survey tests the amount of time the survey takes to complete, tests that the questions are 
understandable and there are no inconsistencies in interpretation. Before releasing the questionnaire 
to participants, the questionnaire was piloted with 5 managers.  

The feedback from the managers on the questions and flow of the questionnaire were collated and 
the survey questionnaire updated accordingly. Some of the feedback included questions that had the 
same net result, or question sequences that did not flow or Likert scale options that did not suit the 
question well. The results from the pilot survey were also tested in the analytical instrument to ensure 
that the process of loading the results, mapping to themes and coding the results are tested and 
processes are smoothed out to ensure simpler processing of the data of the actual survey.  

 

3.3.6 The procedure for data collection 

 

The steps to execute the study, therefore, followed a series of events that were required to take place. 
The details of the procedure to be undertaken for data collection has been listed below and split in the 
procedure for pre-collection phase, collection phase, and post-collection phase. 

Pre-collection phase:  

a) Obtained approval from the Head of People Analytics and Head of Human Resources for the use 
of contact information of recruiters, talent sourcing specialists and a selection of the 
organisation’s choice of hiring managers at the site of the study for the census. 

b) Obtained approval to send communications to the recruiters, talent sourcing specialists and 
hiring managers at the site of the study about completing the survey as part of the census. 

c) Obtained approval to utilise Microsoft Forms at the site of the study and test. 
d) The researcher tested that the site of the study’s technology infrastructure allowed for the 

survey created using Microsoft Forms was accessible to recruiters and talent sourcing specialists 
whilst working on the organisation’s internet infrastructure. 

e) Finalisation of the population for the census at the site of the study. 
f) The organisation then provided a selection of line managers to be surveyed. 
g) Obtained a list of recruiters, talent sourcing specialists and line managers with their contact 

information at (specifically email addresses) from the site of the study. 
h) Finalised the data collection tool used and set up the survey on Microsoft Forms. 
i) Created a survey questionnaire (attached in Appendix B) using close-ended questions using the 

Likert scale, ordinal and dichotomous questions as a guideline. 
j) Mapped the questions in the survey to the themes from the TAM3 framework and sub-research 

questions. Remove irrelevant questions. 
k) Tested the language and flow of the survey on a sample audience and amended where needed. 
l) Amended survey based on test feedback. 
m) Tested the survey for questions that may have resulted in response bias, under coverage, 

voluntary response, and overestimation by convenience sampling.  
n) Created the mapping of the possible responses to a corresponding score and documented the 

scoring for each question. 
o) Pre-tested the survey questionnaire with a small test audience. 
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p) Utilised the feedback from testing of the survey and implemented corrective changes and repeat 
steps j) and k). 

q) Created a survey introduction and survey consent form. 
 

Collection phase: 

r) Emailed survey links to all participants with a stipulated time frame to complete the survey 01 to 
20 June 2020.  

s) The respondents then completed a self-administered survey. 
t) Requested that the respondent referred to additional recruiters externally to complete the survey. 
u) Shared the survey using a separate link with external participants that met requirements or 

participants that struggle to use the organisations’ restricted link. 
v) Monitored the completion rate of the survey and when the responses were below 361 responses, 

then the researcher elicited more responses. Documentation of the date and the survey 
completion rate for the study. 

w) If survey responses were below 361, elicit referrals using professional social networks e.g. LinkedIn 
etc. 

x) Ran the survey for a specified timeframe, if there was insufficient data, increase the timeframe by 
a month. 
 

Post Collection phase: 

y) Extracted survey responses as a results dataset from Microsoft Forms. 
z) Ensured that the data was extracted without any manipulation 
aa) Added in the theme which the question corresponded as a descriptor on the dataset. 
bb) The dataset from step (y) was then taken to the data analysis phase of the study. 

 

3.4 Data Analysis 

The analysis of the data was undertaken in three steps. The first step was to prepare the data for 
analysis, the second step was to perform the analysis of descriptive statistics and the final step was to 
perform the correlational analysis. The tools used to perform the analysis of the data for the 
descriptive design were a combination of the use of SPSS and Microsoft Power BI. For the correlational 
analysis of the data, the tool selected to perform the analysis in SPSS.  

3.4.1 Step 1 – Prepare the data 

Using the primary data of the study, the results of the survey were exported into an electronic 
spreadsheet and then mapped to the coded score for each response. The coding of the scores was 
performed programmatically using coded scripting in Microsoft SQL Server.  

The results file of the survey from Microsoft Forms was imported into Microsoft SQL Server as a table 
called [Survey Results Export]. The results were displayed as a single row per respondent and a column 
per each response. 
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The data in [Survey Results Export] was used to populate a new table [Survey Results Scored]. The 
[Survey Results Scored] table was populated with the same information as per the [Survey Results 
Export] table. The score was calculated and the newly calculated value for the score pertaining to a 
question then replaced the response in the survey with the scored value.  

An example of the score calculation for the score of question 1 will be: 

update R 
set   [Question1] = case  when  R.Question1 = 'Agree' then 10  
              when  R.Question1 = 'Disagree' then 0  
       when  R.Question1 = 'Neither agree or disagree' then 5 
       end  
from  [Survey Results Scored] R  

 

A similar calculation was coded for on each question. An additional table was also created called 
[Survey Question Themes]. This table stored every question in the survey and question number linked 
to one or more themes. The themes are related to the themes emanating from both the TAM3 
theoretical framework and the sub-research questions. The themes were utilised in the reliability test 
and correlational analysis. 

The final tables for the [Survey Results] and [Survey Question Themes] were exported into new 
Microsoft Excel files. These files were then used for the next step to perform the descriptive analysis. 

3.4.2 Step 2 – Perform Descriptive Analysis  

The rationale for the use of descriptive analysis of the data was the need to understand what the 
recruiter communities’ range of responses to the questions were. With the use of the descriptive 
statistics available in SPSS, the descriptive analysis of the survey results was performed. Summary 
statistics on the data was generated by the tool after a selection of the dataset was performed. The 
descriptive statistics generated in the analysis included the mean, standard deviation, skewness, and 
kurtosis 

These results were added to the study as part of the data analysis. As the number of questions resulted 
in a larger volume of results, the results of the descriptive analysis were collated and visualised using 
Microsoft PowerBI. Microsoft PowerBI was merely used to create simple and easy to read visuals that 
were recreated multiple times based on the different question number selected. The tool had been 
selected to minimise the time spent creating individual visuals. The results of the visuals extracted 
from PowerBI were added to the results of the study. 

3.4.3 Step 3 - Perform the reliability analysis 

The reliability of the study was measured by the use of Cronbach’s alpha (α) co-efficient. SPSS was 
used to calculate the alpha for all the variables of the survey and then a further calculation of the alpha 
for the computed themes scores. 
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3.4.4 Step 4 – Perform Correlational Analysis 

To perform the correlational analysis, again SPSS was used. The correlation matrix then provided a 
matrix matching every variable to every other variable in the dataset with the intersection of each cell 
representing the value of the statistical correlation. The value provided only represented the linear 
relationship of one variable to the other, however, correlations do not measure causation and 
therefore are not predictive.  

The variables were grouped and coded to the overall themes and then added to the correlation matrix 
in SPSS. The correlation matrix provided the p-value for each pair of correlations. The P-value was 
required for the testing of the hypothesis. 

Table 3.5:  Data Analysis tools and steps 

Research Objective - 
Analysis 

Based on the analysis of the data collected, the researcher: 
a) identified the key constructs which have impeded the use of data in 
the form of analytics in recruitment and selection by negative 
correlation. 
b)  identified the key constructs which have supported the use of data 
in the form of analytics in recruitment by a positive correlation. 

Sub-Research Question 
What was the correlation between the factors affecting the current 
recruitment and selection process and the adoption of HR Analytics? 

Data Analysis - Step 1 - 
Prepare the data 

a) Results of the survey were exported into Microsoft Excel.  
The Coding of the scores was performed programmatically using 
Microsoft SQL Server scripting. 

b) [Survey Question Themes] table was created to store every 
question, question number and theme.  

c) The themes emanated from both the TAM3 theoretical framework 
and the sub-research questions. The themes were utilised in the 
correlational analysis (step 3). 

d) The final tables for the [Survey Results] and [Survey Question 
Themes] were exported into new Microsoft Excel files and 
prepared for the next steps (2) and (3). 

Data Analysis - Step 2 - 
Perform the Descriptive 
Analysis 

a) The SPSS was used to perform a descriptive analysis using the 
descriptive statistics option. Summary statistics on the data was 
generated to describe the data.  

b) The results of the descriptive analysis were collated and visualised 
using Microsoft Power BI 

Data Analysis - Step 2 - 
Perform reliability analysis 

SPSS will be used to measure the Cronbach’s alpha co-efficient to 
infer the reliability of the instrument used. 

Data Analysis - Step 4 - 
Perform Correlational 
Analysis 

a) The SPSS was used to perform the correlation analysis. 
b) The correlation of results in a matrix matching every theme to 

every other theme statistical correlation at each intersection. 
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c) Variables for the TAM constructs were coded to show the 
correlation between constructs by building a visual correlation 
matrix.  

d) SPSS Correlations were used to calculate the P-value required for 
testing the hypothesis.  

 

In summary; the tools used to prepare the data for analysis were Microsoft SQL Server and Microsoft 
Excel. The tools used to analyse the data was SPSS and Microsoft Power BI for the descriptive analysis. 
SPSS was used for the correlational analysis. The correlational analysis also provided a margin of error 
output, this was used to ensure the reliability of the data. If the margin of error was significantly high, 
then the reliability of the study would have decreased. The correlational analysis also provided the P-
value as an output. This was required for the testing of the hypothesis. 

 

3.5 Reliability and Validity 

The deductive nature of the study resulted in a quantitative design for the research. For a quantitative 
study, there are four facets to ensure integrity comprising reliability, internal validity, external validity, 
and objectivity. 

Reliability reflects how repetitive and consistent the results a measurement system provides when no 
changes have taken place (Leedy & Ormrod, 2010). Reliability is measured to reflect where the scores 
are internally consistent, stability, repeatability and consistency in the administration and scoring 
(Diamantopoulos & Schlegelmilch, 2000; Creswell, 2009a, 2014; Maree, 2010; Kumar, 2014b). Steps to 
ensure the reliability of the analysis of the data entailed calculating the reliability coefficient, 
Cronbach’s Alpha and the correlation coefficient when performing the correlations. The calculation for 
reliability in using Cronbach’s Alpha in SPSS served as a further reliability and integrity check to the 
analysis. Cronbach’s Alpha measures the re-test reliability prediction of the correlation if the test is re-
performed.  

Validity refers to the extent to which a measurement instrument does measure what the study 
proposes to measure and that the tool is the correct tool to be used to perform the measurement 
(Creswell, 2009a, 2014; Leedy & Ormrod, 2010; Kumar, 2014b). Ensuring the validity of a quantitative 
study is focused on two categories: internal validity and external validity. 

Creswell lists the threats to internal validity as history, maturation, regression, selection, mortality, 
diffusion of treatment, compensatory/resentful demoralisation, compensatory rivalry, testing, and 
instrumentation; the threats to external validity were listed as the interaction of selection and 
treatment, the interaction of setting and treatment, the interaction of history and treatment (Creswell, 
2009a). Detailed tests for assessing the validity and reliably is explored by Diamantopoulos and 
Schlegelmilch together with the procedures the researcher should undertake to assess the validity and 
reliability (2000:34–37). 

The integrity of the study for each step of the research study was taken into consideration. Integrity in 
defining the research problem, aims, research questions, sampling procedures, data collection 
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procedures, data analysis procedures and the consolidating of the results was ensured. The detailed 
steps followed by the researcher were documented to ensure the steps undertaken in the study were 
clear when the study was repeated or tested. 

Data integrity during sampling was ensured by following predefined sampling procedures. The 
sampling procedures were followed with the use of the census and purposive sampling of participants 
at the site of the study and convenience and snowball sampling for external participants. The 
participants selected were not coerced into partaking in the study. The sample selected in the study 
was selected with a clear guideline for the sample to remain relevant to the research question. The 
sample did not include respondents not familiar with recruitment, as this will impact the findings of 
the study. 

Data integrity of the data collection Instrumentation was ensured by ensuring that the data sourced 
from the questionnaire results were not be tampered to steer or guide the findings of the study. Data 
cleaning and results coding, and details of the data cleaning and coding will be documented as part of 
the study. The data collection steps, cleaning, coding was documented, and records of any changes 
were documented with justification. Data collection procedures maintained the integrity through the 
documentation of any transformations performed to the data at each phase.  

Data analysis maintained the data integrity by performing the analysis with minimal data manipulation 
and only changes to the data were performed to make reporting and analysis simpler without changing 
the essence of the analysis or results. In the use of the SPSS, the Cronbach’s coefficient was used to 
test the replicability of the study. This, therefore, provided insight into the generalisability of the study. 
The study may be transferable to an environment similar to that of South Africa in terms of the 
economic climate, employment levels, skill levels and technology progression as these factors may 
impact the transferability of the study. 

Objectivity in the study reflects on the researcher's awareness of the channels in which bias may have 
entered and impacted the study. The bias of the researcher and participants may have played a part 
in the outcome of the study however the researcher remained cognisant of the extent to which the 
bias impacted the results and outcomes of the study (Creswell, 2009a; Leedy & Ormrod, 2010; Kumar, 
2014b). 

In consolidating the results of the study, the researcher remained mindful to test for reliability and 
validity in the summary. The outcomes of the study were achieved which was to either accept or reject 
the hypothesis H0, H1 or Ha.  

To summarise, the integrity of the research was a key common thread that needed to be ensured at 
every stage of the study. Relevant tests for the reliability, internal validity, external validity, and 
objectivity needed to be incorporated in every step taken. Failure to ensure integrity threatened the 
validity of the study and any findings that emanate from the study. 

 

3.6 Ethical Considerations 

In conducting the research, the researcher had been cognisant of any ethical issues that may have 
arisen as part of the study as highlighted in many studies and journals and, therefore, planned for any 
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ethical issues that may or may not have arisen in the study (Jones, 2000; Fouka & Mantzorou, 2011; 
Bryman, A. & Bell, 2015; Yip, Han & Sng, 2016; Adesina & Agwor, 2017; Dong et al., 2020). Creswell 
even notes that ethical issues are to be taken into consideration in every stage of research, from 
defining the research problem to the purpose and research question, to data collection,  to the analysis 
and interpretation and, lastly, to writing and disseminating the research (Creswell, 2009b, 2009a, 
2014). 

As the research involved collecting data from people about themselves; there was a risk that the 
research may have then put the participant at risk. To reduce the risk of any ethical issues the 
researcher undertook a few steps to ensure that the research participants did not experience any 
repercussions as a result of the participation in the study. Creswell points to the adherence of Codes 
of ethics which are the principles, rules and guidelines that are developed by professional associations 
that oversee scholarly research(Creswell, 2009a, 2014). 

There are several actions the researcher took to ensure the study is ethical (Leedy & Ormrod, 2010; 
Maree, 2010). The researcher ensured informed consent (Appendix A), beneficence, respect, and 
justice when conducting the study. Each of these actions is detailed below. 

Informed consent as explained by Armiger is a participant providing consent to participate knowingly 
and voluntarily (Armiger, 1977). The researcher pursued informed consent and was obtained in two 
parts. The first consent required by the site of the study to have access to recruiters in the organisation.  

The second part of the informed consent was the consent provided by the participant to partake in the 
study. As part of the informed consent, the participant was made aware of the role they played in the 
study, what information was to be elicited as well as the option to obtain copies of the results of the 
study.  

As the method used to collect data for the study was a self-administered survey, the participant 
received an introduction into the survey and its purpose and then the participant was provided with 
the option to agree to give consent for the use of their information in the survey. If the participant did 
not give consent, then the survey closed, and no survey questions were posed to the participant.  

To ensure that the consent was obtained correctly, all potential participants were informed of the 
objectives and purpose of the study, understood what the information in the study would be used for, 
any potential risks and/or benefits to the participant were highlighted. Only after providing the 
participant with the details of the study, was consent requested. Then only could the participant decide 
to take part in the study without any coercion. 

Beneficence refers to the study not resulting in the harm or disadvantage provided to one person over 
the other. If the research results in a positive contribution to the welfare of people, then all people 
must then receive the same benefit. For the study, there was no control or sample group and there 
was no experimentation in the study. As a result of the research design of the study, all participants 
were treated the same and the risk of beneficence had been reduced. The study did not harm or bring 
harm to any participants. 

Justice was ensured through the sampling process, there was no discrimination against the participants 
and no discrimination in the criteria to determine who was a participant in the study. As the process 
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to elicit the response was not administered in person by the researcher, the risk of injustice was 
removed.  

Each respondent experienced the delivery of the survey in the same delivery fashion. There were no 
exclusions of participants to the study, however, the study had a focus on anyone who performs a 
recruiter job function or worked closely with recruitment.  

Any person performing the job function was, therefore, able to participate in the study. Again, as with 
beneficence, there was little room for injustice to impact the ethical considerations for the study. The 
opening statements to the study were provided to the participant to ensure the participant was aware 
of any endeavours the researcher made to complete the stud.  

Respect was afforded to the participant with the granting the participant anonymity as well as 
confidentially. The privacy of participation was also key. The researcher remained cognisant with 
respect when selecting vulnerable people. The participant was consenting to willing participation in 
the study. The participant was able to contact the researcher to request access to the research reports. 

 

Table 3.6:  Steps for Ethical Consideration 

Informed 
Consent 

Participants were advised of the purpose and intent of the survey. To begin with 
the survey, the participant needed to provide consent to proceed with the 
survey. If the participant felt they did not wish to consent, then the survey was 
not offered to the participant to complete. Appendix A contains the informed 
consent letter sent to the participant. 

Respect The survey invitation email, survey introduction and words used on the survey 
questions were tested with a sample population. If certain words or questions 
were offensive or disrespectful manner, it was be updated in the pilot of the 
survey. 

Beneficence The study was not experimental; therefore, no control and trial groups were 
created. 

No individuals participating in the survey were treated differently to the next, 
therefore all respondents had the same return experienced after participating in 
the study. 

Justice The process to elicit the response was not administered in person by the 
researcher. Risk of injustice was removed. Each respondent experienced the 
delivery of the survey in the same delivery fashion.  

There were no exclusions of participants to the study, however, the study had a 
focus on anyone who performs a recruiter job function. Any person performing 
the job function was, therefore, able to participate in the study. 
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 Together with the integrity and the ethical conduct, the study ensured checks on the integrity and 
reliably of the study together with the findings from (Creswell, 2014). 

3.7 Research Plan 

The research was executed by following research plan steps: 

I. The research proposal was accepted by the institution 
II. Ethical Clearance for the study was obtained  

III. Obtained permission to conduct the study at the research site 
IV. Ensured the reliability and integrity of data collection 
V. Updated literature review with additional insight as to the research proceeded 

VI. Obtained a list of recruiters to be surveyed 
VII. Obtained a list of managers to be surveyed 

VIII. Created a survey questionnaire 
IX. Pilot the survey on a sample audience 
X. The updated questionnaire with changes from the previous step and added the consent form 

XI. Distributed surveys to recruiters and managers at the site of the study on 01 June 2020. 
XII. Elicited additional responses to the survey external to the site of the study 

XIII. Followed up on the completion rate, if completion numbers were low, sourcing of more 
respondents continued. 

XIV. Extracted the survey results from Microsoft Forms after the survey had closed on 20 June 2020. 
XV. Analysed responses using descriptive analysis. 

XVI. Analysed responses using the correlational analysis to determine which aspects of the 
framework correlate positively to the use of HR data and analytics for recruitment and 
selection. 

XVII. Tested the deductive premises of the hypothesis  
XVIII. Confirmed (H1) or rejected the hypothesis and accepted either the null hypothesis (H0) or the 

alternate hypothesis (Ha). 
XIX. Documented research findings and collated into the research study. 

The steps outlined in the research plan identified broad milestones that were achieved in the duration 
of the research, as well as outcomes required to proceed to the next steps. 

3.8 Chapter Summary 

In this chapter, the research questions and hypothesis were restated. 

Primary Research Question: Can recruitment and selection be improved using HR Analytics?  

Hypothesis(H1): The use of HR Analytics can aid the recruitment and selection process in selecting the 
most suitable candidate/s for a role. 

The alternative hypothesis (Ha) is: The use of HR Analytics can negatively influence the recruitment and 
selection process in selecting the most suitable candidate/s for a role. 

Null hypothesis(H0): The use of HR Analytics has no impact on improving the recruitment and selection 
process in selecting the most suitable candidate/s for a role. 
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The steps involved in designing the research have been detailed, and the data collection steps were 
provided. Steps taken to identify the population of the study and the samples were listed and the 
methods used to derive the samples were specified. The tools used to collect the data and the purpose 
of the data was provided with a detailed step by a step action plan for the data collection steps was 
provided. The expected information to analyse was listed and the tools that were utilised to support 
this analysis phase was detailed.  

The overview of the research design has been summarised in Table 3.7 below. 

Table 3.7: Research Design –Summary 

Data 
Collection 
Research 
Questions 

How many recruiters believe that HR Data analytics has a place in recruitment?  
 
How much of a positive impact will HR Analytics have on recruitment? 
 
How much will the quality of hire improve with the use of HR Analytics?  
  

Population The population targeted for the survey is 142 recruiters and 5643 hiring managers 
internal to the organisation resulting in a total population of 5785.  

Sample Size Minimum of 361 recruiters as a sample size with a 95% confidence level and 5% 
margin of error (confidence interval) 

Sampling 
Method 

a) Census at the site of the study of 142 recruiters 
b) Purposive sampling with a selection of line managers. 
c) Snowball Sampling for recruiters external to the site of study until a minimum of 

361 respondents was reached in total 
d) Convenience sampling for external to the site of study minimum of 361 

respondents was reached in total 
Sampling 
Method 

Rationale 

a) The census was selected to allow holistic feedback for recruiters at the site of the 
study. 

b) Purposive sampling of managers was selected to get input from leaders who were 
involved in the recruitment process. 

c) Snowball sampling was selected to leverage the networks that recruiters at the 
site of the study have with recruiters external to the organisation. This served as 
a referral system to source more respondents. 

d) Convenience sampling was selected to remove the bias of networks of recruiters 
at the site of the study, and to source recruiters via social networks of the 
researcher and peers. 

Data 
Collection 

Data were collected for all the sub-research questions by means of a self-
administered quantitative coded survey using close-ended questions that were 
coded for statistical analysis as per Appendix B. 

Data Analysis The data collected was analysed by means of statistical analysis using descriptive 
analysis and correlational analysis techniques.  
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Data Analysis 
Tools 

The descriptive analysis was performed using SPSS. The correlational analysis was 
also be performed on SPSS. Microsoft Power BI was used to visualise the results of 
the study. 

Data 
Integrity   

Tests for validity and reliability were performed in the study to test for internal 
validity, external validity, reliability, and objectivity. Integrity tests were performed 
at each step of the research design from the research problem, aims, research 
questions, data collection procedures, data analysis procedures and documenting 
the finding of the study. 

Ethical 
Consider- 

ations 

Ethical considerations were taken for the study to ensure informed consent 
(Appendix A), beneficence, respect, and justice especially since the source of 
information was elicited from people. 

 

3.9 Conclusion 

In summary, the quantitative approach to research design was selected and the approach to research 
design followed a deductive nature. The data was sourced using a self-administered quantitative coded 
survey created using Microsoft Forms and access to the survey was shared using a hyperlink. The data 
from the survey were analysed using descriptive statistics and correlational analysis. 

The descriptive statistics were used to understand what the responses were whilst the correlational 
analysis measures the relationship between variables. The output of the correlational analysis 
determined if H1 is accepted or rejected. 

The tools used to analyse the data were Microsoft Excel and Power BI for the descriptive analysis. SPSS 
was used for the correlational analysis. The correlational analysis was provided with a margin of error 
output, this was used to ensure the reliability of the data. If the margin of error was significantly high, 
then the reliability of the study decreases.  

The integrity was ensured by testing at each stage of the study for reliability, internal validity, external 
validity, and objectivity. The researcher undertook numerous ethical considerations as the study 
progressed. The considerations of the study involved ensuring informed and knowledgeable consent, 
beneficence, respect, and justice. As the source of information was elicited from people, the 
researcher considered the ethical conduct of research at each step of the research study. 

The next chapter details the analysis of the data collected and extrapolate the findings in relation to 
the Technology Acceptance Model (TAM3) and the hypothesis of the study.  
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Chapter 4: Results of Analysis of Data 

4.0  Introduction 

This chapter details the analysis of the data collected. Findings of the data in terms of the Technology 
Acceptance Model (TAM3) framework are extracted and the research questions in response to the 
hypothesis of the study are referred to. 

The problem that this study had identified is the inability of recruiters to use data to improve the 
efficiency of the selection of a suitable candidate for a job position.  

The primary research question for the study was:  

Can Recruitment and selection be improved using HR Analytics? 

a) The study had the following hypothesis(H1):  

The use of HR Analytics can aid the recruitment and selection process in selecting the most 
suitable candidate/s for a role. 

b) Alternative hypothesis (Ha) 

The use of HR Analytics can negatively influence the recruitment and selection process in 
selecting the most suitable candidate/s for a role. 

c) The null hypothesis(H0) therefore follows as: 

The use of HR Analytics has no impact on improving the recruitment and selection process in 
selecting the most suitable candidate/s for a role. 

The research questions the data collection needed to inform as per Table 3.4 were: 

1) How many recruiters believe that HR Data analytics has a place in recruitment?  
2) How much of a positive impact will HR Analytics have on recruitment? 
3) How much will the quality of hire improve with the use of HR Analytics?  

 
The analysis of the study was conducted through the use of quantitative methods. A quantitative 
electronic survey was shared with participants to complete online. The survey instrument utilised 
Likert scale questions to elicit responses using Microsoft Forms. The analysis of the questionnaires was 
performed using the Statistical Package of Social Science (SPSS). 
 
This chapter will provide an overview of the survey response rate, the demographic data, the 
descriptive statistic results, reliability results, the correlation matrix output from the quantitative 
analysis and the response to the research questions. 
 

 Survey Response Rate 

The survey was shared in the organisation to selected business areas by choice of the site of the study. 
The selection included all recruitment and talent sourcing specialists, all human capital line managers, 
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and line managers from the selected business areas who had performed recruitment between January 
2019 till May 2020.  

There were a total of 3415 managers and recruiters selected and invited to participate. The invited 
participants were from varying areas in the organisation and performed different job tasks. The 
participants the survey was shared with consisted of 68 recruiters and talent sourcing specialist 
followed by 251 Human capital managers and a further selection of 3096 line managers across the 
organisation.   

An externally accessible copy of the survey was created to allow for participants who struggled to 
access the organisation’s limited link of the survey on Microsoft Forms. The participation rate was 
insufficient after a week of the release of the survey and was then shared using the external survey 
link on social media platforms such as LinkedIn, WhatsApp and Facebook for the attention of line 
managers or recruiters.  

The total responses for the internal and external links totalled 398 survey responses received. The 
minimum sample required as per Table 3.7 was 361. There were 9 responses received where the 
participants declined to participate thereby reducing the final number of responses to 389. This infers 
a response rate of 389/3415 = 11.4% response rate.  

 Demographics 

There were four demographic questions posed to participants. The breakdown of the responses to the 
questions is displayed to understand the demographics of the participants before analysing the 
remaining responses. 

 Question 1:  Are you a recruitment or talent sourcing specialist? 

Only 54 respondents indicated that they were talent sourcing specialist therefore 11% of respondents 
to the survey were recruiters as per Figure 4.1. There were 332 participants who were not a recruiter 
or talent sourcing specialist. 

 

Figure 4.1:  Question 1 counts and frequency of responses 
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 Question 2: Are you a manager involved in the hiring of employees? 

 

There were 352 respondents that indicated they were line managers who are involved in the 
recruitment of employees per Figure 4.2. This implies 93.65% of the respondents were line managers. 

 

Figure 4.2:  Question 2 counts and frequency of responses. 

 

 Question 3: Please select the appropriate category that describes your age. 

Over 50% of the respondents were under 40 years old or below, with the largest proportion in the 31-
40-year-old group at 46.5%. Followed by the 41-50-year-old category at 35.6% of respondents in that 
category.  

 

Figure 4.3:  Question 3 counts and frequency of responses. 
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 Question 4: Years spent performing recruitment tasks. 

 

This question probes for the number of years of experience the respondent has in performing in 
recruitment tasks. The largest group of respondents are in the 2 to 5 years of experience, followed by 
6 to 10 years, then 11 to 15 years of experience recruiting.

 

Figure 4.4:  Question 4 counts and frequency of responses 

 

Of the 389 responses received, only 11 % of the respondents indicated to be talent sourcing specialists. 
On the other hand, 93.65% of respondents indicated that they were line managers. The ages of the 
respondents 30 years and below comprised just 6.75%, with 31 to 40 years old participants comprising 
46.51% followed by 35.36% of respondents in the 41-50 years old range. The age category for 31 to 40 
years and 41 to 50 years account for 81.87% of respondents.  

In understanding the respondents experience with recruitment, 30.59% of respondents had 2 to 5 
years of experience followed by 6 to 10 years 26.84% then 11 to 15 years at 16.45%. The respondents 
with 16 to over 40 years of experience represented 16.14% of responses with those with experience 
of 0 to 1 year representing 9.96% of respondents. 

The next set of questions to understand how subjective norm of the participants analyse the next four 
questions posed to the respondents and will inform the lens of their recruitment experience. 
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 Subjective Norm of Respondents  

 Question 5: Number of applications received for a single vacancy 

 

Figure 4.5:  Question 5 counts and frequency of responses 

This question asked the respondent: On average, how many applications do you receive for a single 
vacancy? The volume of applications received for a single vacancy ranged from 0 to 10 up to over 1000 
with the majority being 50 and below as seen below in Figure 4.5.  

 Question 6: Number of positions to fill 

 

Figure 4.6:  Question 6 counts and frequency of responses 



 

70 

This question asked the respondent: How many positions do you generally seek to fill when you post 
a vacancy? The majority of vacancies advertised aimed to fill a single role, followed by vacancies that 
needed to fill 2 to 10 roles, and a small proportion filling 11 to 50 vacancies for a single role. 

 Question 7: Do you mostly recruit for bulk roles?   

 

Figure 4.7:  Question 7 counts and frequency of responses 

Question 7 asked the respondent: Do you mostly recruit for bulk roles? (filling more than 10 people 
into a role)? The results showed that 93.27% of respondents do not source for bulk roles or roles that 
need to fill more than ten people in a role. 

 Question 8: At which level are the roles that you mostly recruit? 

 

Figure 4.8:  Question 8 counts and frequency of responses 

 



 

71 

Of the 389 respondents, 39.98% indicated they received over 50 applications for a single vacancy with 
16.52% receiving 100 to 500 applications for the single application and 4.32% receiving over 500 
applications for a single vacancy. Only 5.43% of respondents recruited mostly for bulk roles whilst 
93.27% of respondents generally recruited to fill roles that have 10 or fewer positions open for the 
vacancy. From the responses, 62.7% of respondents generally filled vacancies for a single position 
whilst 33.6% of respondents aimed to fill 2 to 10 roles for a single vacancy. Only a mere 2.71% of 
respondents report recruiting to fill 11 to 50 vacancies with 0.03% recruiting to fill over 1000 vacancies.  

When analysing the type of role, the recruiter generally seeks to fill, 4 respondents mostly recruited 
for vacancies at an executive level, 6 recruited at senior management level, 103 recruited for roles at 
middle management level or qualified professionals. 160 respondents recruited for roles at junior 
management and skilled technical academically qualified roles, 95 of the respondents’ source for roles 
for semi-skilled candidates and 19 recruiters recruit for unskilled labour.  

 

Figure 4.9:  Overlay of responses of the volume of applications by the occupational level 

 

An overlay of responses for question 5 and question 8 to showed which occupational levels the 
applications are received as reflected in Figure 4.9. The volumes for vacancies that received 0 to 10 
applications were at 45.3% for junior management, 23.5 % for middle management and 20% for 
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making 20.02% 24.38% 31.54% 30.65% 48.32% 25.19% 0.00%
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unskilled labour. For 11 to 50 applications received were mostly at junior management with 41.14%, 
then middle management at 29.46% then semi-skilled at 24.38%. For 51 to 100 applications received 
34.27% was at junior management, and 31.54% at the semi-skilled level and 29% at the middle 
management level. 

The vacancies with 100 to 500 applicants were mostly at junior management at 51.8% followed by 
semi-skilled at 30.65%. For 500 to 1000 applications, 36.5% and 48.3% at junior management and semi-
skilled, respectively. Vacancies that attracted over 1000 applicants were reported with 74% at Junior 
management levels, followed by semi-skilled at 25.19%. Whilst most of the respondents to the survey 
recruited in the 0-10 applications received and the 10 to 50 applications received groups, one has to 
be mindful that 153 respondents (39.3%) recruit for vacancies that generally receive more than 50 
applications.  

The next question set analysed is the preference of tools to understand what toolset the recruiter 
would prefer to use. 

 Preference of Respondents  

Participants were asked to select which tools from the list provided they would prefer to use. Of the 
389 responses, the preference as a percentage of respondents is displayed below in Figure 4.10.  

 

Figure 4.10: Preference of tools  

The overall sentiment per tools indicated that the participant usage preference is at 71.7% overall for 
recruitment administration and tracking tools, followed with automation tools for process efficiency 
at 71% and then AI-Driven analytics and predictive tools at 60.9%. The view was split between the 
demographic of manager and non-manager. The scores from managers ranked placed recruitment 
admin tools highest at 73.3%, followed by automation tools at 71.3% then AI-driven tools at 62.5%. 
The non- managers scores ranked from high to low placed Automation for process efficiency at 64.9%, 
then Recruitment admin and tracking at 58.3% then AI-driven analytics lower than managers at 7.2%.  
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 Descriptive Statistics  

The details of the descriptive statistics for all 42 questions in the survey have been included in Tables 
11 to 14 below. The tables include the number of responses, minimum, maximum, mean, standard 
deviation, skewness, and kurtosis per response variable. As there were 42 questions in the 
questionnaire, there are 42 variables in the analysis of the descriptive statistics.  

The number of responses refers to the completion of the questions, with the minimum coded score 
and the maximum coded score and the mean of that score. The standard deviation refers to the 
distribution of the responses and how far from the mean the responses range. The skewness refers to 
the shape of the responses favour any direction or none after considering the size of the tails of the 
bell curve of responses while the kurtosis measures the distribution of tails differs from a normal 
distribution (Diamantopoulos & Schlegelmilch, 2000:91; Fricker, 2001; Maree, 2010:190).  

Tables 11 to 14 below reflect the output of the descriptive statistics. The standard deviation does not 
have significant callouts except for the dichotomous questions. The same effect can be seen on 
skewness and kurtosis as responses on the dichotomous questions do result in a curve which is skewed 
toward one option and the peak of the kurtosis is also impacted by such. 
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Table 4.1: Descriptive statistics of variables  

            Skewness Kurtosis 

  
N 
Statistic 

Minimum 
Statistic 

Maximum 
Statistic 

Mean 
Statistic 

Std. 
Deviation 
Statistic Statistic 

Std. 
Error Statistic 

Std. 
Error  

Are you a recruitment or talent sourcing 
specialist? 386 1 2 1.14 0.347 2.084 0.124 2.357 0.248 

Are you a manager involved with the hiring of 
employees? 388 1 2 1.91 0.291 -2.808 0.124 5.972 0.247 

Please select the appropriate category that 
describes your age. 388 1 4 2.50 0.796 0.287 0.124 -0.438 0.247 

Please select the number of years you have spent 
performing recruitment tasks. 388 1 7 3.07 1.373 0.621 0.124 -0.266 0.247 

 On average, how many applications do you 
receive for a single vacancy? 384 1 6 2.40 1.189 0..656 0.125 -0.171 0.248 

How many positions do you generally seek to fill 
when you post a vacancy? 384 1 5 1.41 0.602 1.467 0.125 2.928 0.248 

Do you mostly recruit for bulk roles? (filling more 
than 10 people into a role) 383 1 2 1.93 0.261 -3.293 0.125 8.889 0.249 

 At which level are the roles that you mostly 
recruit? 387 1 6 4.02 0.930 -0.089 0.124 0.223 0.247 

I find the current process of 
screening CVs to be time-consuming. 385 1 5 3.45 1.156 -0.532 0.124 -0.729 0.248 

I feel that screening of CVs is impacted due to the 
limited amount of data on an applicants’ CV. 385 1 5 3.50 1.041 -0.553 0.124 -0.620 0.248 

I am able to shortlist candidates, with 
a quick turn-around time. 384 1 5 2.59 1.053 0.493 0.125 -0.723 0.248 

I feel the turnaround time is affected 
by the volumes of CVs received. 384 1 5 3.68 1.059 -0.705 0.125 -0.280 0.248 

 



 

75 

Table 4.2: Descriptive statistics continued            Skewness Kurtosis 

  
N 
Statistic 

Minimum 
Statistic 

Maximum 
Statistic 

Mean 
Statistic 

Std. 
Deviation 
Statistic Statistic 

Std. 
Error Statistic 

Std. 
Error 

  
 Do you feel that the quality of screening is 
affected by the volume of CVs received? 385 1 2 1.66 0.475 -0.665 0.124 -1.566 0.248 

 Do you feel that you may have perhaps 
overlooked a potential candidate due to the 
volume of CVs received? 

383 1 2 1.52 0.500 -0.068 0.125 -2.006 0.249 

  Do you feel that you may have perhaps 
overlooked a potential candidate due to the 
quality of the information in the CV? 

385 1 2 1.78 0.412 -1.389 0.124 -0.072 0.248 

I am able to screen every CV I receive. 383 1 5 2.71 1.219 0.426 0.125 -1.011   

I feel the time allocated to screen each CV is 
adequate. 379 1 5 2.75 1.047 0.310 0.125 -0.801 0.248 

Generally, what is the likelihood of finding the 
most suitable candidate for a role? 387 1 5 2.52 0.825 0.130 0.124 0.000 0.248 

I have the best tools available to source a 
suitable candidate. 385 1 5 2.78 1.031 0.008 0.124 -0.529 0.248 

I am able to source the most suitable 
candidates with ease. 385 1 5 3.04 1.000 -0.136 0.124 -0.377 0.248 

I would be able to screen CVs faster if presented 
in a standardised format. 387 1 5 3.99 0.999 -1.166 0.124 1.235 0.248 

I would be able to screen CVs faster if I had the 
ability to filter through CVs easily. 387 1 5 3.97 1.011 -1.036 0.124 0.696 0.248 

I like experimenting with new software tools. 387 1 5 3.64 1.167 -0.468 0.124 -0.896 0.248 

 I would be keen to use technology tools to 
perform candidate screening. 387 1 5 4.29 0.881 -1.560 0.124 2.868 0.248 
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Table 4.3: Descriptive statistics continued            Skewness Kurtosis 

  
N 
Statistic 

Minimum 
Statistic 

Maximum 
Statistic 

Mean 
Statistic 

Std. 
Deviation 
Statistic Statistic 

Std. 
Error Statistic 

Std. 
Error 

  I trust that technology tools will be able to sort 
and extract quality CVs. 385 1 5 3.56 1.140 -0.438 0.124 -0.874 0.248 

I prefer to use Recruitment admin and tracking 
tools 383 1 2 1.73 0.445 -1.031 0.125 -0.941 0.249 

I prefer to use Automation tools for process 
efficiency 383 1 2 1.72 0.449 -0.987 0.125 -1.031 0.249 

I prefer AI-driven analytics and predictive tools 383 1 2 1.62 0.486 -0.491 0.125 -1.768 0.249 

I would trust a process automation tool in the 
selection of candidates to shortlist. 387 1 5 2.33 0.929 0.928 0.124 0.930 0.248 

I would trust an AI-driven tool to automatically 
shortlist candidates. 384 1 5 3.63 0.961 -0.749 0.125 0.284 0.248 

I will trust an AI-driven tool that suggests the 
most suitable match for the role. 385 1 5 3.61 0.983 -0.863 0.124 0.499 0.248 

Will you trust a fully automated technology tool 
to suggest a candidate to hire? 384 1 5 3.09 1.154 -0.292 0.125 -0.840 0.248 

I believe that the quantity and quality of 
information on the CV insufficient. 386 1 5 2.97 1.007 0.195 0.124 -0.805 0.248 

I believe that additional data about applicants 
can give me better insights into an applicant. 384 1 5 3.97 0.937 -0.869 0.125 0.266 0.248 

I believe that data patterns can be found in the 
CVs I am looking through. 385 1 5 3.32 1.053 -0.277 0.124 -0.677 0.248 
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Table 4.4: Descriptive statistics continued 

            Skewness Kurtosis 

  
N 
Statistic 

Minimum 
Statistic 

Maximum 
Statistic 

Mean 
Statistic 

Std. 
Deviation 
Statistic Statistic 

Std. 
Error Statistic 

Std. 
Error 

  I believe I will use automation tools in the 
recruitment process.  385 1 5 3.60 1.056 -0.618 0.124 -0.348 0.248 

I struggle to source high-quality candidates. 386 1 5 3.06 1.278 0.930 0.124 -1.150 0.248 

 If I have the help of an AI-driven tool to shortlist 
faster, I believe the quality of the recommended 
hire will improve. 

386 1 5 3.75 0.998 -0.989 0.124 1.059 0.248 

 I believe, in using an AI-driven technology tool 
for selection, the unconscious bias in hiring is 
reduced. 

384 1 5 3.70 0.904 -0.753 0.125 0.414 0.248 

I know the impact of unconscious bias in my role. 384 1 5 3.99 0.713 -0.984 0.125 1.762 0.248 

I think that unconscious bias can impact the 
shortlisting decision. 383 1 5 3.91 0.797 -0.984 0.125 1.762 0.249 

I am eager to use tools and systems that will 
simplify the recruitment process 384 1 5 4.21 0.663 -1.077 0.125 3.737 0.248 

Given the technology, I prefer to use systems to 
aid the recruitment process. 384 1 5 4.08 0.755 -0.866 0.125 -0.380 0.248 

I intend to leverage and use tools available to me 
in order to simply the recruitment process. 382 1 5 3.96 1.004 -0.733 -0.125 -0.380 0.249 
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 Reliability  

Using SPSS, the test for reliability using Cronbach’s Alpha(α) was conducted to determine how reliable 
the constructs of the research instrument are. Testing of the reliability on all 42 variables using the 
reliability statistics produced a Cronbach’s Alpha of 0.818 across the 42 items as per Figure 4.11 below. 
Cronbach’s alpha(α) of 0.818 indicated a reliability >0.8 which is considered good (George & Mallery, 
2003:231).    

 

Figure 4.11: Reliability of survey variables 

 

The constructs were computed into composite variables and then reliability tested. The grouping of 
questions to themes informed the value calculated for the composite variables as per Table 4.5 below. 
Each grouping was used to calculate a composite score that was then used to test the reliability of the 
study and then later used for the correlation matrix. 

Table 4.5: Mapping of Questions to themes   

 

The Cronbach’s alpha (α) for the 11 composite variables element in Figure 4.12 below showed a score 
of 0.703. Using the scale from George and Mallery(2003), a reliability > 0.7 is considered acceptable.  
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Figure 4.12: Reliability of Composite variables 

 

The questions in the survey were grouped into the themes as identified in the conceptual framework 
and Table 4.5. The themes were then used to perform the correlational analysis with the use of a 
Correlation Matrix generated using SPSS.  

 

 Pearson-Product Moment Correlation 

The questions in the questionnaire were computed into the respective themes as identified detailed 
in paragraph (4.4). The computed values for each construct were used in performing the two-tailed 
Pearson-product moment correlation to generate a correlation matrix. 

A correlation coefficient ranges from -1 to +1 with the positive (+) implied a positive relationship, and 
a negative sign (-) implied a negative relationship and 0 being no relationship between constructs to 
determine the direction of the relationship (Diamantopoulos & Schlegelmilch, 2000:203; Maree, 
2010:236). The n is the number of responses in the sample comparing the two constructs. The strength 
of the relationship was indicated by the size of the correlation coefficient with a number that is closer 
to 1 indicating a very strong relationship and a number closer to 0.00 indicating an extremely weak or 
no relationship.  

The significance level is the p-value and based on the confidence intervals calculated in chapter 3, the 
study looks for a 95% confidence interval and therefore a P-value < 0.05 is significant in the study. The 
significance values in the tables below indicate the P-value. In the case where the P-value < .05 then 
the correlation is statistically significant. The grey blocks on the correlation matrix below highlight 
where the result of the correlation (r) is significant and correlation (r) < 0.01 or (r) < 0.05.  
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Table 4.6: Correlation Matrix   

    DEM TAM SN TAM OQ TAM JR TAM PI TAM PU Prem 
1 

Prem 
2 

Prem 
3 

Prem 
4 TAM_ITU 

  

DEM 

Pearson 
Correlation 1.00                     
Sig. (2-tailed)                       
N 388                     

TAM_SN 

Pearson 
Correlation -0.07 1.00                   
Sig. (2-tailed) 0.20                     
N 388 388                   

TAM_OQ 

Pearson 
Correlation -0.01 .236** 1.00                 
Sig. (2-tailed) 0.90 0.00                   
N 387 387 387                 

TAM_JR 

Pearson 
Correlation 0.01 .172** .461** 1.00               
Sig. (2-tailed) 0.82 0.00 0.00                 
N 384 384 383 384               

TAM_PI 

Pearson 
Correlation 0.05 -0.01 .357** .247** 1.00             
Sig. (2-tailed) 0.36 0.90 0.00 0.00               
N 387 387 386 384 387             

TAM_PU 

Pearson 
Correlation -0.01 -0.04 0.06 0.01 .166** 1.00           
Sig. (2-tailed) 0.84 0.45 0.27 0.80 0.00             
N 387 387 386 384 387 387           

  
 ** Correlation is significant at the 0.01 level (2-tailed). 
*    Correlation is significant at the 0.05 level (2-tailed). 
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Table 4.7: Correlation Matrix continued  

     DEM TAM_SN TAM_OQ TAM_JR TAM_PI TAM_PU Prem1 Prem2 Prem3 Prem4 TAM_ITU 
  

Prem1 

Pearson 
Correlation 0.08 0.03 .267** 0.08 .264** .270** 1.00         
Sig. (2-
tailed) 0.12 0.53 0.00 0.11 0.00 0.00           
N 386 386 385 383 386 386 386         

Prem2 

Pearson 
Correlation 0.08 -0.03 .101* 0.05 .203** .507** .318** 1.00       
Sig. (2-
tailed) 0.10 0.55 0.05 0.35 0.00 0.00 0.00         
N 386 386 385 383 386 386 386 386       

Prem3 

Pearson 
Correlation 0.06 -0.09 .210** .198** .377** .432** .368** .406** 1.00     
Sig. (2-
tailed) 0.22 0.09 0.00 0.00 0.00 0.00 0.00 0.00       
N 387 387 386 384 387 387 386 386 387     

Prem4 

Pearson 
Correlation -0.01 0.08 .158** 0.05 0.09 .426** .336** .417** .355** 1.00   
Sig. (2-
tailed) 0.79 0.14 0.00 0.31 0.07 0.00 0.00 0.00 0.00     
N 384 384 383 381 384 384 384 384 384 384   

TAM_ITU  

Pearson 
Correlation 0.00 -0.01 .106* 0.09 .217** .681** .320** .523** .397** .527** 1.00 
Sig. (2-
tailed) 0.97 0.88 0.04 0.07 0.00 0.00 0.00 0.00 0.00 0.00   
N 385 385 384 382 385 385 384 384 385 384 385  

** Correlation is significant at the 0.01 level (2-tailed). 

*  Correlation is significant at the 0.05 level (2-tailed).
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Pearson’s correlation relates to a sample of the population; therefore, r will denote the correlation. If 
|r| <= .30 then the correlation is weak. For the case when .30< |r|<.70 then there is a moderate 
correlation. For a strong correlation, |r|>=.70 will indicate such. The significance level will be denoted 
by p, mean by M and SD. for standard deviation.  

 Results from the correlation matrix with a significance < 0.01 are: 

1) TAM - Subjective Norm (M= 9.6753 SD.= 1.78211) and TAM - Output Quality (M= 18.0646 SD. 
=3.57864) have a positive correlation result (r = 0.236, p < 0.01; weak effect)  

2) TAM - Subjective Norm (M= 9.6753 SD.= 1.78211) and TAM - Job Relevance (M= 5.4193 SD. 
=2.03462) have a positive correlation result (r = 0.172, p < 0.01; weak effect)  

3) TAM - Output Quality (M= 18.0646 SD. =3.57864) and TAM - Job Relevance (M= 5.4193 SD. 
=2.03462) have a positive correlation result (r = 0.461, p < 0.01; moderate effect)  

4) TAM - Output Quality (M= 18.0646 SD. =3.57864) and TAM – Perceived Impact (M= 16.2713 

SD. =2.95498) have a positive correlation result (r = 0.357, p < 0.01; moderate effect)  
5) TAM - Output Quality (M= 18.0646 SD. =3.57864) and Premise 1 M= 6.9171 SD.= 1.57195) have 

a positive correlation result (r = 0.267, p < 0.01; weak effect)  
6) TAM - Output Quality (M= 18.0646 SD. =3.57864) and Premise 3 (M= 6.7907 SD. =1.78221) 

have a positive correlation result (r = 0.210, p < 0.01; weak effect)  
7) TAM - Output Quality (M= 18.0646 SD. =3.57864) and Premise 4 (M= 11.5859 SD. =1.82324) 

have a positive correlation result (r = 0.158, p < 0.01; weak effect)  
8) TAM - Output Quality (M= 18.0646 SD. =3.57864) and TAM Intension to use (M=15.8217 SD. 

=2.45830) have a positive correlation result (r = 0.106, p < 0.01; weak effect)  
9) TAM - Job Relevance (M= 5.4193 SD. =2.03462) and TAM – Perceived Impact (M= 16.2713 SD. 

=2.95498) have a positive correlation result (r = 0.247, p < 0.01; weak effect)  
10) TAM - Job Relevance (M= 5.4193 SD. =2.03462) and Premise 3 (M= 6.7907 SD. =1.78221) have 

a positive correlation result (r = 0.198, p < 0.01; weak effect)  
11) TAM – Perceived Impact (M= 16.2713 SD. =2.95498) and TAM – Perceived Usefulness (M= 

24.05656 SD. =3.82559) have a positive correlation result (r = 0.166, p < 0.01; weak effect)   
12) TAM – Perceived Impact (M= 16.2713 SD. =2.95498) and Premise 1 M= 6.9171 SD.= 1.57195) 

have a positive correlation result (r = 0.264, p < 0.01; weak effect)  
13) TAM – Perceived Impact (M= 16.2713 SD. =2.95498) and Premise 2 (M= 6.8990 SD. =1.77505) 

have a positive correlation result (r = 0.203, p < 0.01; weak effect)  
14) TAM – Perceived Impact (M= 16.2713 SD. =2.95498) and Premise 3 (M= 6.7907 SD. =1.78221) 

have a positive correlation result (r = 0.377, p < 0.01; moderate effect)  
15) TAM – Perceived Impact (M= 16.2713 SD. =2.95498) and TAM Intension to use (M=15.8217 

SD. =2.45830) have a positive correlation result (r = 0.217, p < 0.01; weak effect)  
16) TAM – Perceived Usefulness (M= 24.05656 SD. =3.82559) and Premise 1 (M= 6.9171 SD.= 

1.57195) have a positive correlation result (r = 0.270, p < 0.01; weak effect)  
17) TAM – Perceived Usefulness (M= 24.05656 SD. =3.82559) and Premise 2 (M= 6.8990 SD. 

=1.77505) have a positive correlation result (r = 0.507, p < 0.01; Moderate effect)  
18) TAM – Perceived Usefulness (M= 24.05656 SD. =3.82559) and Premise 3 (M= 6.7907 SD. 

=1.78221) have a positive correlation result (r = 0.432, p < 0.01; Moderate effect)  
19) TAM – Perceived Usefulness (M= 24.05656 SD. =3.82559) and Premise 4 (M= 11.5859 SD. 

=1.82324) have a positive correlation result (r = 0.426, p < 0.01; Moderate effect)  
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20) TAM – Perceived Usefulness (M= 24.05656 SD. =3.82559) and TAM Intension to use 
(M=15.8217 SD. =2.45830) have a positive correlation result (r = 0.681, p < 0.01; moderate 
effect). 

21) Premise 1 (M= 6.9171 SD.= 1.57195) and Premise 2 (M= 6.8990 SD. =1.77505) have a positive 
correlation result (r = 0.218, p < 0.01; weak effect)  

22) Premise 1 (M= 6.9171 SD.= 1.57195) and Premise 3 (M= 6.7907 SD. =1.78221) have a positive 
correlation result (r = 0.368, p < 0.01; moderate effect)  

23) Premise 1 (M= 6.9171 SD.= 1.57195) and Premise 4 (M= 11.5859 SD. =1.82324) have a positive 
correlation result (r = 0.336, p < 0.01; moderate effect)  

24) Premise 1 (M= 6.9171 SD.= 1.57195) and TAM Intension to use (M=15.8217 SD. =2.45830) have 
a positive correlation result (r = 0.320, p < 0.01; moderate effect)  

25) Premise 2 (M= 6.8990 SD. =1.77505) and Premise 3 (M= 6.7907 SD. =1.78221) have a positive 
correlation result (r = 0.406, p < 0.01; moderate effect)  

26) Premise 2 (M= 6.8990 SD. =1.77505) and Premise 4 (M= 11.5859 SD. =1.82324) have a positive 
correlation result (r = 0.417, p < 0.01; moderate effect)  

27) Premise 2 (M= 6.8990 SD. =1.77505) and TAM Intension to use (M=15.8217 SD. =2.45830) have 
a positive correlation result (r = 0.523, p < 0.01; moderate effect)  

28) Premise 3 (M= 6.7907 SD. =1.78221) and Premise 4 (M= 11.5859 SD. =1.82324) have a positive 
correlation result (r = 0.355, p < 0.01; moderate effect)  

29) Premise 3 (M= 6.7907 SD. =1.78221) and TAM Intension to use (M=15.8217 SD. =2.45830) have 
a positive correlation result (r = 0.397, p < 0.01; moderate effect)  

30) Premise 4 (M= 11.5859 SD. =1.82324) and TAM Intension to use (M=15.8217 SD. =2.45830) 
have a positive correlation result (r = 0.527, p < 0.01; moderate effect)  

At a significance < 0.05, the following call outs from the correlations from Tables 4.6 and 4.7: 

1) TAM - Output Quality (M= 18.0646 SD. =3.57864) and Premise 2 (M= 6.8990 SD. =1.77505) 
have a positive correlation result (r = 0.101, p =< 0.05; weak effect). 

2) TAM - Output Quality (M= 18.0646 SD. =3.57864) and TAM Intension to use (M=15.8217 SD. 
=2.45830) have a positive correlation result (r = 0.106, p < 0.01; weak effect).  

 Research questions for data collection 

In measuring the responses with the lens of the research questions for data collection the following 
analysis were found. The questions in the survey that were linked to the research questions and the 
analysis of the correlations are analysed below. 

 How many recruiters believe that HR Data analytics has a place in recruitment?  

The responses to the following two questions will inform the answer to this research question. 
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4.8.1.1 Question 24: Use of technology tools to perform candidate screening. 

 

Figure 4.13: Question 24 counts and frequency of responses     

 
4.8.1.2 Question 25: Technology tools will be able to sort and extract quality CVs. 
 

 
Figure 4.14: Question 25 counts and frequency of responses     

There were 86.63% of respondents that said they were likely to use technology tools to inform 
recruitment and 75.32% said they would often and almost always trust a technology tool to sort and 
extract quality CVs. In view of the sub-research question, there was a large proportion of the sample 
who do believe that HR analytics as a technology had a place and a role in improving recruitment. 
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 How much of a positive impact will HR analytics have on recruitment?  
 
The following three questions from the questionnaire are analysed to answer this research question. 
 
4.8.2.1 Question 30: Trust in AI-driven tool to shortlist candidates. 

 

Figure 4.15: Question 30 counts and frequency of responses     

 

4.8.2.2 Question 31: Trust an AI-driven tool that suggests the match for the role. 

 

Figure 4.16: Question 31 counts and frequency of responses     
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4.8.2.3 Question 32: Trust in automated technology to suggest a candidate to hire 

 

Figure 4.17: Question 32 counts and frequency of responses     

In interpreting the responses of the three questions in terms of the research question, the 63% of 
respondents reported to be likely to trust an AI-driven tool to suggest a candidate to shortlist, with 
another 21.59% neutral and 13.7% not likely to trust such a tool. In trusting an AI-driven tool to find a 
suitable match to the role, 64.52% of respondents indicated they are likely to trust such a selection, 
whilst 21.08% was neutral and 13.37% indicated they were unlikely to trust such a tool.  

The trust in an AI-driven solution dropped when asked if the respondent would trust an AI-driven 
solution to suggest a candidate to hire with 42.42% indicating that they were likely to trust such a 
solution, 25.45% neutral and 30.85% indicating they are not likely to trust the candidate hire 
suggestion. The results showed that AI-driven analytics has the potential to improve the candidate 
shortlisting process and the suitability matching of candidates to a role, with some hesitance on using 
an AI-driven solution to select a hire for a role. 
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 Will the quality of hire improve with the use of HR Analytics?  

 

4.8.3.1 Question 38: Will quality of the hire improve using AI to shortlist? 

 

Figure 4.18: Question 38 counts and frequency of responses     

There were 67.35% of respondents that believed that the quality of hire using AI-driven tools to 
shortlist would likely improve, with 23.39% indicating they were impartial to believe if the quality of 
hire will improve or not, with 8.48% believed that the quality of hire is unlikely to improve. 

 

 Correlation of recruitment and selection and the adoption of HR Analytics 

 

The correlation between the Technology Acceptance Model (TAM3) constructs with a lens on 
recruitment and the use of data and analytics, the results in the correlation matrix represented in 
Tables 15 and 16 reflect those correlations do exist between constructs in terms of using data and 
analytics. The correlation matrix indicated the direction of the relationship and the significance and 
effect but was unable to inform if there is an effect of one variable on another. Correlation does not 
infer causation so even if the effect of a change is seen in another variable, it may not be caused by 
changes in the variable.  

The proportions of variance (r2) calculated the proportion of one variable that is explained by a 
variation in another variable (Diamantopoulos & Schlegelmilch, 2000:204). In calculating the r2 for each 
composite variable combination in the correlation matrix the following combinations have proportions 
of variance greater or equal to 20% without informing the direction of the relationship: 

1) 21.25% of TAM Output quality can be explained by the variation of TAM Job Relevance and 
vice versa. 
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2) 26% of TAM Perceived Usefulness can be explained by the variation of Premise 2 and vice 
versa. 

3) 46% of TAM Perceived Usefulness can be explained by the variation of TAM Intention to use 
and vice versa. 

4) 27% of Premise 2 can be explained by the variation of TAM Intention to use and vice versa. 
5) 28% of Premise 4 can be explained by the variation of TAM Intention to use and vice versa. 

The correlation matrix though showed several constructs that had a significant correlation, therefore 
there was a correlation between the recruitment and selection process and the adoption of data and 
analytics. 

4.9 Conclusion 

In this chapter, the results of the statistical procedures utilised during the study were analysed. Using 
Cronbach’s alpha, the reliability of the questionnaire was tested. The Pearson Correlation Coefficient 
results showed the correlations between constructs linked to the theoretical framework. The 
proportion of variance (r2) was calculated using the Pearson Correlation coefficient (r) to infer the 
extent to which the variables affected each other. 

In testing against the research questions for data collection, the results show that respondents were 
likely to use technology tools to improve recruitment. When probed on the use of AI-driven tools, the 
results indicated a higher likeliness to trust an AI-driven tool to perform short-listing and to perform 
suitability matching but a declined likelihood to trust the suggestion of a candidate to hire. The 
correlation coefficient and the proportion of variance (r2) showed that there was a statistical 
significance between the use of data and analytics and improved recruitment outputs.  

The next chapter analyses the output of this chapter with the view of the research questions and 
hypothesis to derive an outcome of the research.  
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Chapter 5: Analysis 

5.0 Introduction  

This chapter details the interpretation of the findings in the previous chapter in terms of the research 
objectives of the study. The data analysed in chapter 4 will be overlaid to the research objectives to 
determine if the research resulted in any finding. Findings of the data in terms of the Technology 
Acceptance Model (TAM3) framework are extracted and the research questions in response to the 
hypothesis of the study are referred to. 

 Review of research objectives 

The aim of the study was to determine whether the adoption of human resources analytics can 
improve the recruitment and selection of candidates for job positions. The problem identified was the 
inability of recruiters to use data to improve the efficiency of the selection of a suitable candidate for 
a job position.  

The primary research question for the study was:  

Can Recruitment and selection be improved using HR Analytics? 

The study has the following hypothesis(H1): The use of HR Analytics can aid the recruitment and 
selection process in selecting the most suitable candidate/s for a role. 

Alternative hypothesis (Ha): The use of HR Analytics can negatively influence the recruitment and 
selection process in selecting the most suitable candidate/s for a role. 

The null hypothesis(H0) therefore follows as the use of HR Analytics has no impact on improving the 
recruitment and selection process in selecting the most suitable candidate/s for a role. 

The research question to close the study: Is the usage of HR Analytics for recruitment and selection 
affected by factors that are experienced by stakeholders involved in the recruitment process? 

 

Through a series of objectives and research questions, the study followed the path to understand the 
key concepts and constructs underpinning human resources management and the use of analytics in 
the recruitment and selection process by conducting an in-depth literature review. The literature 
review found that the application of analytics for recruitment is very sparse in the literature with 
minimal case studies in South Africa. Numerous non-academic sources are referencing the use of some 
tools that offer analytics for recruitment but those face many ethical concerns. 

The next objective was to investigate the extent to which the recruiter’s adoption of HR Analytics to 
inform the selection of candidates is correlated. The data collection that followed with a correlation 
analysis of the technology acceptance model as constructs provided insight into the correlations. The 
results of the data analysis were used to integrate the results and to test the research questions and 
the hypothesis. The final objective of the study was to extrapolate the research results and make 
recommendations for future application and further investigation.  
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The next paragraph will summarise the findings of the study and respond to the research question and 
test the three hypotheses linked to the study.  

 Summary of findings 

The study aimed to determine whether the adoption of human resources analytics can improve the 
recruitment and selection of candidates for job positions. The research was intended to understand 
the impact of the use of human resources analytics on recruitment and selection with the lens of a 
technology acceptance framework. 

The dissertation aimed to explore the constructs of the technology acceptance model and the impact 
of data and analytics on recruitment. The study found that respondents are keen to use analytics to 
improve the foundation steps of the recruitment process from sourcing to shortlisting but less keen 
on using analytics to select a hire. This is clear from the results with 125 (32%) respondents saying they 
are currently not able to screen every CV received that the initial process steps need some 
improvement. This aligned to Kozan (2017) stating that 65% of job applications were ignored due to 
volumes. 

Results from the correlation show that there is a significant correlation of one subjective norm to 
output quality and job relevance. Output quality has a significant correlation to Job relevance, 
perceived impact, intention to use and all four premises. 

The four premises that were identified to support the hypothesis were: 

Premise 1 (P1): Data can provide insight into an applicant  

Premise 2 (P2): Analytics can guide the selection of an applicant 

Premise 3 (P3): Analytics in recruitment will improve quality of hire 

Premise 4 (P4): Analytics in recruitment reduces the recruiter bias. 

Job relevance has a significant correlation to perceived impact and premise 3. Furthermore, the 
perceived impact has a significant correlation with perceived usefulness, intention to use and premise 
1, 2 and 3.  Perceived usefulness has a significant correlation to intention to use, premise 2, 3 and 4.  
The four premises test show significant correlations to each other and the intention to use.  

The results support the findings of the descriptive analysis that respondents are keen to use analytics 
as seen with the positive correlation of constructs, however, the strength of the correlations are weak 
to moderate. The correlation also does not imply causation; therefore, the results correlate but the 
measure of causality was not considered. 

The data collected for premise 1 show that 88% of respondents agree with premise 1 that additional 
data will provide insight into an applicant with often, always, and almost always. In analysing premise 
2, 74.8% of respondents believe that there are patterns in the data and 80% indicate they will use 
automation tools to improve recruitment. The results of Premise 1 and Premise 2 align closely with the 
need to measure and assess the quality of applicant data received (Lievens & Chapman, 2019). 
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When evaluating Premise 4, 59.4% of respondents say they currently struggle to source high-quality 
candidates with 87.4% of respondents indicating that the use of an AI-driven tool will improve the 
quality of hire. This re-affirms Lievens and Chapmans assertion that there needs to be increasing 
measurements on the quality of hires to access the effectiveness of recruitment strategies (2019). 

Lastly, in the evaluation of Premise 4, 67% of respondents agree that the use of an AI-driven tool can 
reduce unconscious bias with 82.3% understanding the impact of unconscious bias. In agreement, 
77.4% believe that unconscious bias can impact the current shortlisting decision. This finding aligns to 
the literature in the impact of unconscious bias and the number of cases found with the negative 
implications of unconscious bias (Beattie & Johnson, 2012b; Mccormick, 2016; Tate & Page, 2018; 
Lattice, 2020) 

The correlations in the theoretical framework show significant correlations in a user’s motivation to 
use the tool with perceived usefulness and intention to use showing significant correlations to other 
constructs. The framework infers that the intention to use and the perceived impact both showed 
significant correlations with numerous TAM3 constructs as per Table 15 and 16.  

The study, therefore, shows support for the usage of a recruitment analytics tool from a technology 
acceptance lens. 

 

5.3 Review of research premises 

The research question the study posed: Is the usage of HR Analytics for recruitment and selection 
affected by factors that are experienced by stakeholders involved in the recruitment process?  

The study included four premises: 

Premise 1 (P1): Data can provide insight into an applicant  

Premise 2 (P2): Analytics can guide the selection of an applicant 

Premise 3 (P3): Analytics in recruitment will improve quality of hire 

Premise 4 (P4): Analytics in recruitment reduces the recruiter bias. 

 If all four premises above are true, then the hypothesis(H1) is true failing which then the alternative 
hypothesis (Ha) or null hypothesis (H0) are true. 

The results for the four premise tests show that: 

i. Premise 1 had a positive correlation to all constructs of the Technology acceptance model with 
significant correlations to output quality, perceived impact, and perceived usefulness. The 
descriptive results showed that respondents believe data can provide insight into an applicant. 
 

ii. Premise 2 had a positive correlation to all constructs of the technology acceptance model except 
for subjective norm which had a slightly negative correlation to premise 2. The subjective norm is 
a dependant on the sample and their subjective views. Premise 2 had a significant correlation to 
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output quality, perceived usefulness, perceived impact, and premise 1. The descriptive analysis of 
the results showed that respondents believe that analytics can guide the selection of an applicant. 
 

iii. Premise 3 had a positive correlation to all constructs except subjective norm which is a slightly 
negative correlation. There are significant positive correlations to output quality, job relevance, 
perceived impact, perceived usefulness, premise 1 and premise 2. The descriptive analysis showed 
that respondents believe the quality of hire will improve using analytics. 
 

iv. Premise 4 had a positive correlation to all TAM constructs with significant positive correlations 
with output quality, perceived impact, perceived usefulness, premise 1, premise 2 and premise 3. 
The descriptive analysis showed that there is significant room for bias to influence the current 
process and that an analytics tool will reduce the impact of unconscious bias on selection. 
 

 Discussion and interpretation of findings 

Based on the findings of the study and the premises the primary research question and hypothesis are 
evaluated. 

Can Recruitment and selection be improved using HR Analytics? 

The hypothesis(H1)  that HR analytics had a positive impact on the recruitment and selection process 
in selecting the most suitable candidate for a role is accepted as the premises were tested and found 
that P1 is true, P2 is true, P3  is true and P4 is true and all had a positive directional correlation. The 
alternative hypothesis (Ha) and the null hypothesis(H0) are rejected. Therefore, the study finds that 
Recruitment and selection can be improved by using HR Analytics. 

 

 Conclusion 

Chapter 5 reviewed the results of the statistical procedures administered and discussed all the relevant 
outcomes in depth. The relationships between the constructs were established. Based on the 
interpretation of the results in the previous chapter, H1 was accepted whilst H0 and Ha were rejected. 
In the study of the literature, there were no similar studies conducted to compare the results of this 
study. The next chapter presents the completion of the study whilst reflecting on its limitations and 
implications. Recommendations for both practical utilisations of the findings and future research were 
made.  
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Chapter 6: Conclusion and Recommendations 

 Introduction 

This chapter addresses the conclusions of the study, the significance of the results, the limitations to 
the study and recommendations and future potential studies. The study aimed to demonstrate that 
the ability to source a suitable candidate in the recruitment and selection process could be improved 
with the use of analytics. 

 

 Conclusions in the findings  

The study showed the golden thread of the need for data in the process of recruitment starting with 
the background, the researchers’ ontology and epistemology and the grounding of the study in the 
Technology Acceptance Model Framework (TAM3). The literature review confirmed the dire need for 
more analytics, with many tools offering solutions for various aspects to some success and failure use 
cases.  

The deductive nature of the study involved a quantitative survey of 389 participants to group and 
identify the key constructs that impact the use of analytic in recruitment. The findings of the study 
showed correlations with strong significance with weak to moderate strength of the relationship. The 
findings inferred that the hypothesis H1 was accepted, inferring that the use of analytics will positively 
impact the recruitment and selection of candidates.  

In revisiting the hypotheses, the null hypothesis (H0) stated that the use of HR Analytics has no impact 
on improving the recruitment and selection process in selecting the most suitable candidate/s for a 
role. The findings in the study had shown that the uses of Analytics did have an impact on improving 
recruitment and selection. By deduction, the null hypothesis was rejected. 

The next hypothesis in the study has the following hypothesis(H1): The use of HR Analytics can aid the 
recruitment and selection process in selecting the most suitable candidate/s for a role. In accessing the 
results from the data collection and analysis in the study, the study found that there was a link to the 
use of analytics and improved recruitment and selection. Based on the findings, the hypothesis (H1) 
was accepted. 

Lastly, the alternative hypothesis (Ha) stated that the use of HR Analytics can negatively influence the 
recruitment and selection process in selecting the most suitable candidate/s for a role. Based on the 
findings of the study, there were minimal constructs in the technology acceptance model that showed 
a negative relationship to recruitment. Therefore, based on the results, the hypothesis was rejected. 

The research question to close the study: Is the usage of HR Analytics for recruitment and selection 
affected by factors that are experienced by stakeholders involved in the recruitment process? 

This study, therefore, quantitatively that analytics as a tool will be accepted if introduced to improve 
recruitment with the adoption of analytics from a positivist viewpoint. The analytics as a tool also 
shows that there is a strong intention to use based on the output quality, perceived impact of using 
such a tool and the perceived usefulness of analytics. In the literature review, no academic references 
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were available that had analysed the use of analytics for recruitment from an acceptance of technology 
lens. This study, therefore, adds to the body of literature on recruitment tools.  

 

 Limitations of the study 

A few limitations of the study have been identified and listed below.  The limitations range from sample 
constraints to researcher bias. 

 Limited subject matter expert responses: 

The study was limited to a single organisation with minimal external respondents to the survey and at 
a cross-section in time. The study responses comprised mostly line managers who may not always be 
privy to the work involved in the screening CVs and shortlisting candidates and, therefore, may have 
made theoretical assumptions about volumes and quality. The smaller proportion of subject matter 
experts may have minimised any real hurdles faced by recruitment staff due to the quantum of 
responses by line managers. As a result of limited subject matter experts, the generalisability of the 
results of the study are limited to the organisation. 

 No candidate or customer experience: 

The study did not take into consideration the impact on the candidate’s experience using such a 
technology. The impact on the recruitment chain affects the customer’s (the candidate) experience 
and the sample in the study only considered the impact of using the tool from a service provider stance. 

 South African context 

The implications of the use of analytics for recruitment were not applied in a South African context. 
This implies that employment equity principles were not considered and the impact of the recruitment 
on the broad-based black economic empowerment levels that the organisation has to attain. The study 
did not place context in terms of the national policies on employment equity nor the organisations' 
policy on employment equity. 

 Researcher bias 

The interpretation of data from the statistical analysis may have been impacted by the bias of the 
researcher as the researcher is an analytics specialist by profession. This bias may have resulted in the 
interpretation of the results to favour analytics. 

 Decreased reliability 

The internal validity in the sampling remained as a larger proportion of managers were selected 
throughout the organisation to participate in the research resulting in an 11.4% completion rate 
minimising any threats to internal validity through selection. The reliability as per Figures 4.11 and 4.12 
showed that the reliability of the 42 variables was greater than 0.8 which is considered good, but once 
grouped into the composite variables for the TAM constructs the reliability declined to 0.703 which 
was considered acceptable.  

Some of these limitations and gaps can be considered as an opportunity for future research. General 
recommendations and recommendations for future research are explored next. 
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 General Recommendations 

Based on the results of this research, the organisation can begin to access the adoption of analytics to 
improve recruitment on the sourcing of candidates, screening of applicants and shortlisting as those 
aspects of the process had strong support for analytics. A deeper analysis of the reasons for the 
hesitation to utilise analytics for predicting which candidate to hire needs to be explored.  

The risk of not evolving the recruitment process and utilising analytics will potentially result in the 
organisation being slow to fill vacancies and overlooking a viable candidate. Furthermore, the level of 
automation in the organisation in preparation for the fourth industrial revolution creates pressure for 
all processes in the organisation to evolve and improve and increasingly automate. 

 

 Recommendations for future research 

With a glance at the limitations and the findings of the study, there are a few future research 
recommendations based on the context of this study. 

 Recruitment analytics and impact on employment equity 

In the context of South Africa, the employment equity Act 47 of 2013 (Department of Labour, 2014) 
requires employers to responsibly employ candidates from previously disadvantaged backgrounds, 
reduce discriminatory practices, diversify the workforce to be representative of the population. The 
application of recruitment analytics can be explored to support South African employers in the context 
of employment equity whilst elevating the pressures of managing an onerous recruitment process. 

 Subject matter experts qualitative analysis 

The results of the study found hesitation for the final hire decision to be automated using recruitment 
analytics per Figure 4.17 even though there were positive results for the other stages of the 
recruitment process. Future research can include qualitative discussions with recruitment specialists 
and leaders to understand the key drivers to support or not support the use of analytics for recruitment 
to automatically select a suitable candidate to hire. 

 Legal  and ethical implications of using recruitment analytics 

Further research to understand the implications of the legal implications of using analytics for 
screening, shortlisting and hiring decisions need to be explored. The usage of analytics has to support 
and display due diligence and fairness in the use of a recruitment analytics solution to mitigate any 
legal risks to the organisation. The ethical implications refer to ensuring consistent and non-
discriminatory processes that are being applied unknowingly which may result in increased 
reputational risk with the use of recruitment analytics. 

 Candidate experience 

Future study can be conducted to explore the impact on a candidate’s experience with a view on 
fairness and ethical employment practices when using recruitment analytics. The candidate perception 
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on the fairness of the process bears on the reputation of the organisation and impacts perceptions for 
future candidates on the effectiveness of using recruitment analytics. 

 

 Candidate preference 

Assess the impact on the customer experience of a candidate using an AI-tool as opposed to the 
traditional experience, and if such experience will impact the hiring process in an organisation. The 
candidate experience of the process of using recruitment analytics with a non-assisted recruitment 
process with no human recruiter contact compared to a blended approach using recruitment analytics 
with a partially assisted process compared to the traditional fully assisted recruitment process. 

This study showed that analytics can improve the recruitment and selection of candidates for a role, 
however, there are other aspects pertaining to the usage of such a solution, from the context of the 
environment. 

 

 Conclusion to the study 

The study found that the adoption of human resources analytics can improve the recruitment and 
selection of candidates for job positions. In reaching this conclusion, the study set out with objectives 
to access the literature of human resource management and recruitment, followed by analytics, and 
use cases of analytics. An in-depth analysis of benefits, ethical concerns and pitfalls of analytics was 
discussed.  

The research methodology was outlined with steps listing the data collection and analysis procedures. 
The study followed a deductive design which resulted in a quantitative design. An online questionnaire 
was used to elicit responses to close-ended questions aligned to the use of recruitment analytics using 
the Technology Acceptance Model (TAM3) as the theoretical lens.  

The data collected were analysed using descriptive statistics and an assessment of the relationship 
between constructs using a correlation matrix. The data was then used to access the four premise tests 
set out at the start of the study to determine which of the three hypotheses were true. The null 
hypothesis and the alternate hypothesis were rejected and the H1 hypothesis was accepted.  

The limitations of the study have been provided and list any potential error that may have been 
introduced in the study. The recommendations based on the findings and outcomes of the study was 
proposed together with potential future research that can be conducted. 

Lastly, the significance of the study was discussed. As the study existed in a gap of academic literature, 
the findings of the study add to the literature. Therefore, as no similar study was previously conducted, 
this study adds new research and knowledge to share with other academic researchers. 
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Appendices 

Appendix A - Informed Consent for Participation 

Dear Participant 

You are invited to participate in an academic research study conducted by Yuvisthi Ramouthar under 
the supervision of Dr John Mgwenya (PhD, MBA, MPA, Post-Doc), Executive Coach and Academic 
Supervisor toward a degree in a Master of Science in Management of Technology and Innovation at 
the Da Vinci Institute of Technology. 

The aim of the study is to determine a correlation between the use of human resource analytics tools 
and improved recruitment and selection of candidates for job positions. You were selected to 
participate in this survey because you have been identified as a person involved in the recruitment of 
new employees as a hiring manager or the recruitment related processes.  

By completing this survey, you agree that the information you provide may be used for research 
purposes, including dissemination through peer-reviewed publications and conference proceedings. 
All your answers will be treated as confidential, and you will not be identified in any of the research 
reports emanating from this research. The de-identified data will be stored on secure cloud drives and 
will not contain any information that may identify you. 

Your participation in this study is very important to us. You may, however, choose not to participate 
and you may also withdraw from the survey at any time without any negative consequences. The 
survey should not take more than 20 minutes of your time. 

The research was reviewed and approved by the Research Ethics Committee of the Da Vinci Institute. 
The researcher, Yuvisthi Ramouthar, can be contacted during office hours at yuvi.dasram@gmail.com. 
The supervisor, Dr John Mgwenya, can be contacted during office hours at jj.mgwenya@gmail.com. 

Please the option below to indicate your willingness to participate in the study.  

Yours sincerely 

Yuvisthi Ramouthar 

I have read the letter and understand my rights with regard to participating in the research. Kindly 
select the relevant option below. 

   

 

 
  

Yes, I consent. No, I do not consent. 
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Appendix B - Survey Questionnaire 

Question 
No Theme Question 

Code Questions Response options 

Theme: Demographics 

1 DEM DEM001 Are you a recruitment or 
talent sourcing specialist? 

a) Yes 
b) No 

2 DEM DEM002 
Are you a manager involved 
with the hiring of 
employees? 

a) Yes 
b) No 

3 DEM DEM003 
Please select the appropriate 
category that describes your 
age. 

a) 30 years and below 
b) 31- 40 years 
c) 41 – 50 years 
d) 51 – 60 years 
e) Over 60 years 

4 DEM DEM004 

Please select the number of 
years you have spent 
performing recruitment 
tasks. 

a) 0 - 1 year 
b) 1 - 5 years 
c) 6 - 10 years 
d) 11 - 15 years 
e) 16 - 20 years 
f) 21 - 40 years 

Theme: Subjective Norm 

5 TAM-SN SN001 
 On average, how many 
applications do you receive 
for a single vacancy? 

a) 0 - 10 
b) 11 - 50 
c) 51 - 100 
d) 101 - 500 
e) 501 - 1000 
f) More than 1000 

6 TAM-SN SN002 
How many positions do you 
generally seek to fill when 
you post a vacancy? 

a) One 
b) 2- 10 
c) 11 - 50 
d) 51 - 100 
e) More than 100 

7 TAM-SN SN003 
Do you mostly recruit for 
bulk roles? (filling more than 
10 people into a role) 

a) Yes 
b) No 
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8 TAM-SN SN004  At which level are the roles 
that you mostly recruit? 

a) Top Management 
b) Senior management 
c) Middle management 
and/or professionally 
qualified, experienced 
specialists 
d) Junior management, 
Supervisors and/or skilled 
technical or academically 
qualified 
e) Semi-Skilled & 
discretionary decision 
making 
f) Unskilled & defined 
decision-making 

Theme: Output Quality 

9 TAM-
OQ OQ001 

I find the current process of 
screening CVs to be time-
consuming. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

10 TAM-
OQ OQ002 

I feel that screening of CVs is 
impacted due to the limited 
amount of data on an 
applicants’ CV. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

11 TAM-
OQ OQ003 

I am able to shortlist 
candidates, with 
a quick turn-around time. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

12 TAM-
OQ OQ004 

I feel the turnaround time is 
affected 
by the volumes of CVs 
received. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 
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13 TAM-
OQ OQ005 

 Do you feel that the quality 
of screening is affected by 
the volume of CVs received? 

a) Yes 
b) No 

14 TAM-
OQ OQ006 

 Do you feel that you may 
have perhaps overlooked a 
potential candidate due to 
the volume of CVs received? 

a) Yes 
b) No 

15 TAM-
OQ OQ007 

  Do you feel that you may 
have perhaps overlooked a 
potential candidate due to 
the quality of the 
information in the CV? 

a) Yes 
b) No 

Theme: Job Relevance 

16 TAM-JR JR001 I am able to screen every CV 
I receive. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

17 TAM-JR JR002 I feel the time allocated to 
screen each CV is adequate. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

Theme: Perceived Impact 

18 TAM-PI PI001 

Generally, what is the 
likelihood of finding the 
most suitable candidate for a 
role? 

The scale of 1 to 5. With 5 
being the highest. 
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19 TAM-PI PI002 
I have the best tools 
available to source a suitable 
candidate. 

The scale of 1 to 5. With 5 
being the highest. 

20 TAM-PI PI003 
I am able to source the most 
suitable candidates with 
ease. 

The scale of 1 to 5. With 5 
being the highest. 

21 TAM-PI PI004 
I would be able to screen 
CVs faster if presented in a 
standardised format. 

The scale of 1 to 5. With 5 
being the highest. 

22 TAM-PI PI005 
I would be able to screen 
CVs faster if I had the ability 
to filter through CVs easily. 

The scale of 1 to 5. With 5 
being the highest. 

Theme: Perceived Usefulness 

23 TAM-PU PU001 I like experimenting with 
new software tools. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

24 TAM-PU PU002 
 I would be keen to use 
technology tools to perform 
candidate screening. 

a) Most Likely 
b) Likely 
c) Neutral 
d) Not Likely 
e) Very Unlikely 

25 TAM-PU PU003 
 I trust that technology tools 
will be able to sort and 
extract quality CVs. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 
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Theme: Preferences 

26 TAM-
ITU ITU_001 

 Based on your 
understanding of the 
concepts below, which of 
the following tools would 
you prefer to use in the 
recruitment process? Select 
all that may apply. 

a) Recruitment 
administration and tracking 
tools  

27 TAM-
ITU ITU_002 

 Based on your 
understanding of the 
concepts below, which of 
the following tools would 
you prefer to use in the 
recruitment process? Select 
all that may apply. 

  
b) Automation tools for 
process efficiency   

28 TAM-
ITU ITU_003 

 Based on your 
understanding of the 
concepts below, which of 
the following tools would 
you prefer to use in the 
recruitment process? Select 
all that may apply. 

 c) AI-Driven analytics and 
predictive tools  

Theme: Perceived Usefulness 

29 TAM-PU PU006 

I would trust a process 
automation tool in the 
selection of candidates to 
shortlist. 

a) Very unlikely 
b) Unlikely 
c) Neutral 
d) Likely 
e) Most likely 

30 TAM-PU PU007 
I would trust an AI-driven 
tool to automatically 
shortlist candidates. 

a) Very unlikely 
b) Unlikely 
c) Neutral 
d) Likely 
e) Most likely 

31 TAM-PU PU008 
I will trust an AI-driven tool 
that suggests the most 
suitable match for the role. 

a) Very unlikely 
b) Unlikely 
c) Neutral 
d) Likely 
e) Most likely 

32 TAM-PU PU009 

Will you trust a fully 
automated technology tool 
to suggest a candidate to 
hire? 

a) Very unlikely 
b) Unlikely 
c) Neutral 
d) Likely 
e) Most likely 

Theme: Premise Tests 
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33 P1 P1_001 
I believe that the quantity 
and quality of information 
on the CV insufficient. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

34 P1 P1_002 

I believe that additional data 
about applicants can give me 
better insights into an 
applicant. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

35 P2 P2_001 
I believe that data patterns 
can be found in the CVs I am 
looking through. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

36 P2 P2_002 
I believe I will use 
automation tools in the 
recruitment process.  

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

37 P3 P3_001 I struggle to source high-
quality candidates. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

38 P3 P3_002 

 If I have the help of an AI-
driven tool to shortlist faster, 
I believe the quality of the 
recommended hire will 
improve. 

a) Most Likely 
b) Likely 
c) Neutral 
d) Not Likely 
e) Very Unlikely 

39 P4 P4_001 

 I believe, in using an AI-
driven technology tool for 
selection, the unconscious 
bias in hiring is reduced. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

40 P4 P4_002 I know the impact of 
unconscious bias in my role. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 
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41 P4 P4_003 
I think that unconscious bias 
can impact the shortlisting 
decision. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

Theme: Intention to use 

42 TAM-
ITU ITU_004 

I am eager to use tools and 
systems that will simplify the 
recruitment process 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

43 TAM-
ITU ITU_005 

Given the technology, I 
prefer to use systems to aid 
the recruitment process. 

a) Strongly disagree 
b) Disagree 
c) Neither agree nor 
disagree 
d) Agree 
e) Strongly Agree 

44 TAM-
ITU ITU_006 

I intend to leverage and use 
tools available to me in 
order to simply the 
recruitment process. 

a) Not at all 
b) Sometimes 
c) Often 
d) Generally 
e) Almost always 

You have reached the end of the survey.  
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