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Abstract: This study investigates the predictive modelling in personnel
selection. In particular, we focus on the prediction of interview performance
using combinations of variables which assess personality and cognitive ability.
Based on a dataset of 1,989 subjects, we generate 1,024 possible models with
ten predictors including six personalities and four cognitive factors and apply
the mixed-effect logistic regression to account for the random effect. The
predictive performance of each model is evaluated by the area under receiver
operating characteristic curve. The results show that the model with a
combination of ambition and agreeableness as well as verbal and reasoning can
predict the interview performance at 68% accuracy and this predictive power is
not substantially different from the predictive performance of more
complicated models. Our results suggest that personnel selection with fewer
factors can be as efficient as all factors in the prediction. This study contributes
to the selection literature by emphasising and justifying efficient decision
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making with predictive models, and it demonstrates that the personnel selection
procedure can be simplified in an organisation and can save the organisation
resources.

Keywords: predictive modelling; personnel selection; personality; cognitive
ability; interview performance.
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1 Introduction

Personnel selection is not only one of the influential topics in academia, but also has
sustainable impact on individuals, team, and organisations (Lievens et al., 2021).
Organisations spend long time on hiring people since it is very difficult to correct the
consequences from the wrong decision about hiring one person (Liao and Chang, 2009).
Too much time and cost will be spent on engaging, training, and firing of poor or
disappointing employees and the costs increase if it takes a long time to realise that an
employee is inadequate (Afshari et al., 2014). Human ability and personality consist of
many factors, and assessments on all factors are practically infeasible. Some factors are
even highly correlated. For these reasons, personnel selection should be an effective and
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efficient decision-making process. Personnel selection studies have emphasised that
usages of rigorous selection tests can benefit to identify valuable talents for contributing
to job performance. Employment tests were first introduced in the 1920s (Ghiselli, 1966),
and a variety of selection methods including work sample tests, assessment centres,
employment interviews, job knowledge tests, bio-data measures, and personality and
cognitive ability tests have been studied to show their predictive validities (Ghiselli,
1973; Hunter and Hunter, 1984; Reilly and Chao, 1982; Le et al., 2007; Anglim et al.,
2021). For the effective decision-making in personnel selection, researchers have been
interested in the development of key predictors (Arthur and Villado, 2008).

Specifically, a number of studies in personnel selection have shown that cognitive
ability and personality tests and interview performance are related. Hunter and Hirsh
(1987) and Schmidt (1988) have argued that the validity of the interview performance
correlated with cognitive ability. Fletcher (1987) and Cook et al. (2000) have suggested a
relation between personality and interview outcomes exists. Cortina et al. (2000)
suggested that interview scores explain the job performance better than cognitive ability
and conscientiousness. If the interview performance better explains the future job
performance, time and resources can be saved by predicting the interview performance
and making data-driven intermediate decisions during the personnel selection process.
The past studies have focused on the theoretical perspective via statistical significance in
hypothesis testing, but there has been a lack of attention on the predictability. In addition,
since predictive analytics in human resource management (HRM) have received much
attention from the scholars, we can utilise new analysis methods like machine learning
(Singh et al., 2022). From the practical perspective, particularly for employers, it is
important to examine and quantify the predictability of the cognitive and personality tests
on the interview performance. Even so, there is a lack of previous studies to investigate
the predictability using predictive analytics. To contribute to the literatures, this study
focuses on the predictive modelling for interview performance through the combination
of personality and cognitive ability.

The main objective of this study is to find the most efficient combination of
personality and cognitive ability factors to predict the interview performance. For the
selection decision-making, studies tend to pay attention to the development of predictors
and its effectiveness (Arthur and Villado, 2008). However, along with the effectiveness,
efficiency also matters in the practical decision-making process of personnel selection.
Selection with fewer factors can be as efficient as all factors in the prediction. Efficient
decision-making in personnel selection can be linked with the decisions using less
organisational resources. In particular, under the uncertain situation with COVID-19 and
digital transformation, organisations need to run efficiently (Caligiuri et al., 2020).

Our contribution is to extend the academic findings to practical settings by suggesting
an effective and efficient decision-making case in personnel selection. Another
contribution is to turn readers’ attention from statistical significance to practical
significance in personnel section and HRM in general. In large datasets, even weak
relationships among scaled variables can lead to statistically significant results (i.e., small
p-values), but the actual predictive performance of these variables matters in practice
(i.e., how often the prediction is correct). Furthermore, this study explains the difference
between predictive analytics and hypothesis testing that scholars and practitioners are
sometimes confused with the distinctive concepts and the applications. Most academic
findings are about associations between variables via hypothesis testing. However,
practitioners, who actually need to make decisions and take actions, want to know the
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practical significance of these findings. In other words, results from hypothesis testing
help better understand the population-level relationships, whereas predictive models help
practitioners make individual-level decisions and take specific actions. To this end, this
study is motivated by the practicality, and we emphasise the importance of predictive
analysis for the efficient and effective decision-making in personnel selection, which
leads to making a practical contribution.

2 Literature review

2.1 Decisions in personnel selection

Personnel selection has emphasised predictive efficiency (Lievens and Highhouse, 2003).
In recent years, more organisations are considering how to run smarter, more agile, and
more efficient businesses by using the right data to support effective and efficient
decision making (Davenport, 2006; Haddad et al., 2019; Zaitsava et al., 2022). Efficient
decision making in human resource (HR) refers to having more outputs through less
inputs. For example, an efficient hiring process would result in minimised (or reduced)
cost per hire, HR staff per employee, and the time to train (Boudreau and Ramstad,
2005).

However, minimising cost and time to finish a hiring process should not be a sole
criterion. The main purpose of personnel selection is to hire the applicants who are most
likely to perform well when she/he joins the organisation. In that sense, decision making
in personnel selection is about predicting future performance. In personnel selection
research, many studies have examined the predictive validity of selection methods (e.g.,
Barrick and Mount, 1991; Caldwell and Burger, 1998). Organisations have used a variety
of selection tools such as cognitive ability, employment interview, personality
instrument, motivation test, and assessment centre to name a few. Among them,
interview, cognitive ability test, and personality instrument have been utilised most
frequently due to its high criteria validity. The studies have examined the criterion-related
validity of cognitive ability, personality, and interview tests and the most consistent
finding is that cognitive ability test is one of the strongest factors for predicting job
performance (Ones et al., 2010; Schmitt, 2014; Landers et al., 2021). Schmidt and Hunter
(2000, p.4) have suggested that intelligence such as general mental ability and general
cognitive ability play important roles for predicting employee job performance and can
be considered as ‘the most ‘successful’ trait in applied psychology’.

Although studies have shown that cognitive ability largely predicts employee job
performance, it does not necessarily mean that cognitive ability alone is the best way to
hire the applicants. The combination of cognitive ability test and personality instrument
can explain 20% more variance in job performance than a cognitive ability test can
explain by alone (Schmidt and Hunter, 2000). Also, structured employment interviews
can add 14% incremental validity to cognitive ability tests (Oh et al., 2008). In addition to
cognitive ability tests, the two predictors, such as personality instruments and
employment interviews, have received considerable attention in the workplace, due to
their predictive capabilities and potential to lessen the adverse impact associated with
cognitive ability tests (Hunter and Hunter, 1984).

Personality tests also have a sufficient predictive power for job performance.
Personality is defined as an individual’s relatively stable and enduring pattern of
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thoughts, feelings, and actions (Barrick and Mount, 1991), and personality predicts
various behavioural outcomes (Ozer and Benet-Martinez, 2006). Because of its
predictability, personality tests have been popular and widely used in employee selection
(Hough and Oswald, 2008; Giinaydin, 2021). Meta-analytic studies have shown that the
Big Five personality traits account for about 50% of the variability in adaptive
performance at work, leadership emergence and effectiveness (Huang et al., 2014; Judge
et al., 2002) and cognitive ability up to 27% (Judge et al., 2004). Barrick and Mount
(1991) and Tett et al. (1991) provided the evidence that the Big Five personality might be
useful to select employees in various jobs. The instruments show positive relationships
with performance criteria for various jobs (Barrick and Mount, 1991; Hurtz and
Donovan, 2000).

For the research of personnel selection, incremental validity is important since each
selection tool explain different criteria of job performance. If selection tool evaluates the
same point and is strongly associated with each other, there is no reason for the tools to
be more than two. In that sense, incremental validity can be significant concept in
personnel selection research (Burgoyne et al., 2021). For instance, incremental validity of
personality instrument in predicting performance over and above more traditional
selection methods such as cognitive ability test (Day and Silverman, 1989; McHenry
et al., 1990). The personnel selection research shows that using job-relevant personality
tests leads to a meaningful incremental validity over cognitive ability (Oh et al., 2011).
Therefore, it is better to use both of cognitive ability and personality instruments to
improve their incremental validity.

The employment interview continues to be one of the most popular selection tests to
identify valuable talents (Posthuma et al., 2002). The interview tends to be a final part of
the process, and it requires relatively expensive resources when compared to earlier parts
of the process. General and HR managers tend to believe that the interview is valid for
predicting future job performance (McDaniel et al., 1994). There have been several
recent meta-analyses of the reliability and validity of the interview (Conway et al., 1995;
Huffcutt and Arthur, 1994; Huffcutt et al.,, 1996; Wiesner and Cronshaw, 1988)
suggesting that employment interviews are positively related to job performance and
training success. Schmidt and Hunter (1998) have shown that the interview is one of the
best predictors of job performance and that the validity of interview test works well
across jobs, criteria and organisations.

This study focuses on the relationship between various selection tests (e.g., cognitive
ability and personality) and interview performance. Although some studies have
examined how selection tests predict interview performance (e.g., Huffcutt et al., 1996;
Tay et al., 20006), little research has paid attention to this relationship based on predictive
analytics. Considered the predictive validity of employment interview on performance in
the future, the study has yet to receive much attention. In particular, selection tests can be
conducted based on the multiple screening steps in the selection process, so the multiple
screening systems can reduce a large pool of job applicants to a smaller sample following
the causal selection steps (Gatewood et al., 2008).

Generally, cognitive-and non-cognitive-based selection tests such as cognitive ability
and personality tests are conducted in the initial stage, to screen out less valuable
applicants and enhance the quality of applicants in the interview process. Some studies
show that some selection evaluations such as conscientiousness, extraversion, or
cognitive ability predict interview performance (e.g., Boudreau et al., 2001; Caldwell and
Burger, 1998).
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2.2 Predictive analytics

Predictive analytics can be defined as an analyst-guided subject that examines data
patterns to make forward-looking predictions (Mishra and Lama, 2016). There are
different kinds of analysis including descriptive analysis, predictive analysis, and
prescriptive analysis (Bertsimas and Kallus, 2020; Sheng et al., 2021). Unlike
confirmatory analysis, which typically draw conclusions based on p-values, predictive
analytics focuses on guessing the value of an outcome to be observed in future
(Margherita, 2021). The distinctions should be made based on the primary purpose of
analysis, and appropriate statistical strategies should be chosen according to the purpose.
Predictive analytics is unlike descriptive analysis which considers external benchmarking
data and involves tables, reports, ratios, metrics, dashboards or complex math; it is about
data-driven insights for better decisions (Mishra and Lama, 2016). Predictive analysis can
be applied to increase the probability of selecting the most appropriate candidate for a job
(King, 2016). Some management issues can be efficiently addressed by predictive
analytics (Mishra et al., 2016). Because of its diverse utilities, predictive analysis has
received close attentions by HR professionals and scholars (Lee et al., 2020).

Data mining, decision trees, pattern recognition, forecasting, and root-cause-analysis
are frequently applied for predictive modelling (Watson, 2011). Classification and
regression tree algorithm are popular techniques in personnel selection decision-making
(Azar et al., 2013). The K-means and decision tree algorithms have been applied for
decision making on recruiting employees (Sivaram and Ramar, 2010). The predictive
performance should be validated outside of a sample, and cross-validations is a
population method for this purpose (Kutner et al., 2004). Unlike hypothesis testing where
a model is to be prespecified, predictive modelling is relatively liberal in a sense that
multiple models can be compared and a best model can be chosen based on the predictive
performance. Furthermore, the interpretations of model parameters are relatively less
important in prediction than in hypothesis testing.

Although there are differences between hypothesis testing and prediction, researchers
and professionals are frequently confused with their concepts and utilities (Shmueli,
2010). Prediction is an effort to see future happening advance and focus on which
variables are to be combined and in which functional form in order to maximise the
accuracy of prediction. On the other hand, hypothesis testing is to prove the relationship
between variables (Shmueli and Koppius, 2011), so variables are to be chosen based on
researchers’ hypotheses. In that sense, a model for the purpose of hypothesis testing and a
model for the purpose of best prediction do not have to the same, and they may be
substantially difference because the real world is often more complicated than the
hypothetical setting.

The purpose of personnel selection is to hire high-potential candidates who are likely
to perform in the future. Therefore, using the personality instrument and cognitive ability
test which are theoretically important, this study focuses on solving the theoretical issue
and practical problem by finding an optimal combination of the potential predictors to
maximise the accuracy of forecasting the interview performance, which is closely related
to future job performance.
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3 Method

3.1 Data

This study was conducted with a sample of employees in a South Korean conglomerate.
The company has retail, food, service, hotel, chemical, and other industries and has
expanded to 31 countries with more than 100,000 employees at home and abroad. The
recruitment system of South Korean corporates tends to rely on open recruitment and
testing (Koch et al., 1995). Open recruitment system is an attempt to attract university
graduates and hire the employees on a bi-annual basis (Lansbury et al., 2006). The focal
company tends to hire more than 2,000 employees out of 60,000 applicants on average.
There are three steps for the recruitment process starting with resume screening,
cognitive ability test and personality instrument, and lastly interview.

Since more than 30,000 students apply for the recruitment process on every semester,
HR team spends many resources and tries to make efficient as well as effective
decision-making. In order to solve the efficiency problem of open recruitment system,
HR team asked the authors to suggest the efficient decision-making solution. HR team
provided the sample dataset that was gathered in 2017 to 2018 without personal
identifiable information.

3.2 Measurement

The personality instrument consists of six factors including Big Five personality plus
ambition and the cognitive ability has four parts including verbal, math, logic and spatial
reasoning. In total, there are ten factors to assess the applicant’s personality and cognitive
ability. The dataset was organised for the predictive analysis including neuroticism
(referred to as O1; alpha = 0.885), ambition (O2; alpha = 0.806), extraversion (O3; alpha
= 0.913), agreeableness (O4; alpha = 0.881), conscientiousness (OS5; alpha = 0.843),
openness to experience (06; alpha = 0.827). Personality inventories are derived from
Costa and McCrae (1992) and Hogan and Hogan (1995). The instrument is based on
ipsative scale and sample items are ‘I am emotionally stable, not easily upset’ for
neuroticism, ‘I try to be better than everyone else’ for ambition, ‘I am full of energy’ for
extraversion, ‘I am helpful and unselfish with others’ for agreeableness, ‘I do a thorough
job’ for conscientiousness, and ‘I am curious about many different things’ for openness to
experience.

Moreover, in the cognitive ability test, four types of items were used including verbal
analogies (referred to as Al; 30 verbal items), number series (A2; 25 number series),
symbolic analogies (A3; 25 spatial items), and inductive and deductive (A4; 30 reasoning
items). For the structured employment interview, two interviewers participated in the
process and raise competency-related questions for more than an hour. On average, three
competencies were assessed in an interview and they varied in the jobs that applicants
applied. For example, those who applied sales manager in the mart were expected to have
achievement-related questions such as ‘please tell us your experience that you have
achieved more than you expected’. Then, probing questions (i.e., checking the
information about the answers in detail) follows after the applicant’s responses.
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3.3 Statistical analysis (predictive models)

There were 47 companies observed in the data, and a mixed-effect logistic regression was
considered to account for the random effect. The outcome variable to be predicted was
whether a subject passed the interview or not. There were ten predictors including O1,
02, 03, 04, 05, and 06 and Al, A2, A3, and A4, so there were 2! = 1,024 possible
models (considering the first-order additive terms only). Since there were a large number
of models, top predictive models were potentially selected based on information criteria.
The Akaike information criterion (AIC) (Akaike, 1974) and the Bayesian information
criterion (BIC; Schwarz) are two well-known methods for model selection, but AIC and
BIC often suggest different models (Dziak et al., 2020). Both the AIC and the BIC can be
derived from a model’s likelihood function based on the maximum likelihood estimates
(Vrieze, 2012).

There is no single best method for model selection, arguing that both criteria should
be considered (Kuha, 2004). The AIC tends to tolerate over-parameterisation, and BIC
tends to prefer parsimonious model particularly in a large sample size. Since their
properties are different, we selected top five models under each criterion out of the 1,024
candidate models, and we compared their predictive performances using five-fold
cross-validations (Kutner et al., 2004). For the binary prediction (i.e., passing the
interview or not), the predictive performance depends on the classification threshold (i.e.,
the estimated probability of passing). To measure the overall predictive performance of
each model across all threshold values (from zero to one), the area under receiver
operating characteristic (ROC) curve was estimated. The background and detail
explanations of the ROC curve are provided in Bradley (1997) and Hajian-Tilaki (2013).
The area under ROC curve is a value between zero and one, such that a higher value
indicates a better overall predictive performance.

4 Results

4.1 Descriptive statistics, AIC and BIC

The sample means, standard deviations (SDs), and correlations of the 10 predictors are
summarised in Table 1. The predictors Ol to O6 were moderately correlated and Al to
A4 were also moderately correlated, but the correlations between O’s and A’s were
relatively weak. When models were selected based on AIC or BIC, the predictor Ol
seemed not important, and BIC resulted in more parsimonious models with three to five
predictors (Table 2). According to the BIC, A2 and A3 were not included together, and it
seemed only Al and A4 were sufficient in a model.

4.2 Sensitivity, specificity, and area under ROC curve

In Table 2, the sensitivity (correctly predicting passing subjects), specificity (correctly
predicting non-passing subjects), and the area under ROC curve (AUR) are presented
after the cross-validations. The best model chosen by BIC (M1-B) resulted in sensitivity,
specificity, and AUR of 0.629, 0.608, and 0.663, respectively. The best model chosen by
AIC (M1-A) resulted in 0.633, 0.610, and 0.666, respectively. These results are similar to
the results of the full model (i.e., using all ten predictors) which are 0.629, 0.613, and
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0.664, respectively. The predictive performance was not lost by removing the two
variables Ol and O3 (M1-A), and the loss of predictive performance was nearly
negligible (less than 0.005; 0.5%) by removing the four more variables O5, 06, A2, and

A3 (M1-B).
Table 1 Descriptive statistics (means, standard deviations, and correlations) of the ten
predictors

Predictor Mean SD 0l o2 03 04
O1 55.9 30.3 - 0.321 0.602 0.482
02 49.4 30.0 0.321 - 0.504 0.317
03 56.5 33.0 0.602 0.504 - 0.522
04 62.7 32.1 0.482 0.317 0.522 -
05 64.5 31.2 0.388 0.219 0.323 0.376
06 49.9 31.6 0.328 0418 0.512 0.371
Al 49.6 11.7 —-0.011 —0.019 —0.028 0.000
A2 55.0 10.1 —0.005 —0.06 —0.009 —0.031
A3 52.6 10.6 0.049 -0.016 —0.002 0.009
A4 46.9 13.3 0.061 —0.025 0.014 0.034
Predictor 05 06 Al A2 A3 A4
0O1 0.388 0.328 -0.011 —-0.005 0.049 0.061
02 0.219 0.418 —-0.019 —0.060 —-0.016 —0.025
03 0.323 0.512 —-0.028 —0.009 —0.002 0.014
04 0.376 0.371 0.000 —-0.031 0.009 0.034
05 - 0.174 0.005 0.023 0.010 0.024
06 0.174 - —-0.029 —0.066 —0.080 —0.032
Al 0.005 —0.029 - 0.345 0.413 0.426
A2 0.023 —0.066 0.345 - 0.383 0.377
A3 0.01 —0.080 0.413 0.383 - 0.475
A4 0.024 —-0.032 0.426 0.377 0.475 -

Note: O1 = neuroticism; O2 = ambition; O3 = extraversion; O4 = agreeableness;
OS5 = conscientiousness; O6 = openness to experience; Al = verbal;
A2 = numerical; A3 = spatial; A4 = reasoning.

Figure 1

The distributions of estimated probabilities of passing interview (full model, best model

selected by AIC and best model selected by BIC) between subjects who passed the
interview and subjects who did not pass the interview

Full Model

— Passed
--- Did notpass

Estimated probabilty of passing interview

Best Model (AIC)

~-- Did not pass

Estimated probabilty of passing interview

Best Model (BIC)

— Passed

Estimated probabilty of passing interview

--- Did not pass
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Figure 1 supports the use of the simple model M1-B instead of M1-A or the full model.
The figure distinguishes the estimated probabilities of passing the interview between
those who actually passed and those who did not pass. The distributions of estimated
probabilities are nearly identical among the three models, so the four predictors in M1-B
may be as good as the eight predictors in M1-A or all 10 predictors.

Table 2 Five models selected by AIC (M1-A to M5-A) and five models selected by BIC

(M1-B to M5-B), and their predictive performance measured by sensitivity,
specificity, and area under ROC (AUR)

%fj:l Model AIC BIC  Sensitivity ~Specificity AUR
MI-A  O02+04+05+06+Al 224729 2297.65  0.633 0.610  0.666
+ A2+ A3+ A4
M2-A  02+03+04+Al+A2 224739 229215  0.632 0612  0.667
+A3+ A4
M3-A  02+03+04+Al+A2 2,247.52 228669  0.631 0.608  0.667
+ A4
M4-A  02+03+04+05+Al 224763 229799  0.635 0.615  0.666
+A2+ A3+ A4
M5-A  02+04+06+Al+A2 224770 229246  0.631 0.609  0.666
+ A3+ A4
MI1-B 02+ 04+ Al + A4 2,252.14  2280.12  0.629 0.608  0.663
M2-B  02+O04+Al+A2+A4 224834 228191  0.627 0.606  0.665
M3-B 03+ 04+ Al + Ad 2,25528 228326  0.628 0.608  0.663
M4-B  02+04+Al+A3+A4 225057 228414  0.630 0.611  0.664
M5B  02+03+04+Al+A4 225101 228458  0.634 0610  0.664

Note: O1 = neuroticism; O2 = ambition; O3 = extraversion; O4 = agreeableness;
OS5 = conscientiousness; O6 = openness to experience; Al = verbal;
A2 =numerical; A3 = spatial; A4 = reasoning.

Table 3 Estimated parameters of M1-B and of M1-B with the interaction terms

MI-B M1-B with the interaction terms
Estimate  SE VA P-value Estimate  SE VA P-value
Intercept —1.154 0.100 —-11.581 <0.001 Intercept -1.024 0.102 -10.007 <0.001
02 0.193  0.056 3.450 <0.001 02 0.224 0.056 3.972 <0.001
04 0.228 0.056 4.069 <0.001 04 0210 0.056 3.734 <0.001
Al 0309 0.062 4.985 <0.001 Al 0.330 0.065 5.051 <0.001
A4 0.258 0.061 4.225 <0.001 A4 0275 0.064 4.273 <0.001

02x04 -0.200 0.055 -3.644 <0.001
Al xA4 -0.312 0.069 -4.521 <0.001

Note: O1 = neuroticism; O2 = ambition; O3 = extraversion; O4 = agreeableness;
OS5 = conscientiousness; O6 = openness to experience; Al = verbal;
A2 = numerical; A3 = spatial; A4 = reasoning.
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The four predictors of M1-B (see Table 3) could be utilised better by including the
multiplicative terms between O2 and O4 and Al and A4 (i.e., interaction terms). This
multiplicative model resulted in sensitivity of 0.679, specificity of 0.559, and AUR of
0.676. There was a trade-off between sensitivity and specificity. In this dataset, 564
subjects passed the interview and 1,425 subjects did not pass. By utilising the four
predictors (02, O4, Al, and A4) multiplicatively, the sensitivity increased from the
baseline 0.284 to 0.679, and the specificity decreased from the baseline 0.716 to 0.559 as
a trade-off.

5 Discussion

5.1 Summary and general discussion

In this study, we aim to find out the right combination of personality and cognitive-ability
factors for efficient decision-making in personnel selection, using predictive analytics.
The accuracy of prediction through this combination is as almost same as the all
predictors. The growing attention upon efficient recruitment process requires more effort
to understand efficient decision making in personnel selection. This reason led to us using
predictive analytics to explain its effectiveness (Mishra et al., 2016).

Organisations have the growing needs for efficiently and cost-effectively recruiting
and selecting valuable talents in the labour market. Since the pandemic of COVID-19, the
number of jobs has decreased across the globe (International Labour Organisation, 2020)
and unemployment rate has been on rise (Kawohi and Nordt, 2020). As more applicants
compete for a limited number of positions, screening process in the early stage of
personnel selection has become more important. Even long before the pandemic, Skinkle
and McLeod (1995) have discussed the importance of predictive validity of selection
methods (i.e., personality instrument, cognitive ability test) before the interview due to
the limitation of interview. Since data collection has been more accurate and efficient due
to technological advance and since each organisation has its own subpopulation (Devi
et al., 2020), the organisations are encouraged to develop its own predictive models to
accurately and efficiently predict applicant’s performance (Hastuti and Timming, 2022).

5.2 Implications

This study focuses on predictive analysis of personality instrument and cognitive ability
to predict interview performance. Our findings show that combining a smaller number of
personality factors (ambition and agreeableness) and cognitive ability (verbal and
reasoning) is as effective as combining all ten available predictors in the personality and
cognitive ability. In the organisations, HR spends tremendous amount of money and
efforts to develop personality instrument and cognitive ability and takes long time and
high energy to operate them. If we can reduce the number of factors by removing weak
predictors in personality instrument and cognitive ability test, it can practically contribute
to saving resources for personnel selection and those saved resources can be allocated to
employment interview.

This study also demonstrates that not all theoretically validated variables are equally
useful in practice. Although many theoretical studies gained sufficient attention by HR
scholars these days, there are relatively few empirical studies in the HR field (Marler and
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Boudreau, 2017; McCartney and Fu, 2022). This study contributes to personnel selection
research by empirically conducting the predictive analysis for efficient HR decision-
making, since predictive analytics have much attention from both scholars and
practitioners.

5.3 Limitations and future research

Our study has some limitations. First, the data was collected from a single firm. We may
not confidently generalise our results across firms, industries, and countries. To
generalise our findings, future research needs to replicate our model, using different
samples from different industries or countries. Second, this study used six factors for
personality instrument and four factors in the cognitive ability test. However, a variety of
personality and cognitive factors exist for the recruitment decision-making. Accordingly,
future research may need to explore the different factors for predictive analytics to find
another efficient combination of factors. Lastly, because advance in technologies such as
artificial intelligence, machine learning, and deep learning can enhance the predictability
for personnel selection, future research will be able to utilise those technologies for the
research purpose.

5.4 Conclusions

The predictive analysis in the personnel selection can be simplified by including a few
key predictors instead of using all available predictors without losing the predictability.

References

Afshari, R.A., Nikolic, M.C. and Cockalo, D. (2014) Applications of fuzzy decision making for
personnel selection problem: a review’, Journal of Engineering Management and
Competitiveness, Vol. 4, No. 2, pp.68—77, https://doi.org/10.5937/jemc1402068a..

Akaike, H. (1974) ‘A new look at the statistical model identification’, /EEE Transactions on
Automatic Control, Vol. 19, pp.716-723, https://doi.org/10.1109/tac.1974.1100705.

Anglim, J., Molloy, K., Dunlop, P.D., Albrecht, S.L. and Lievens, F. (2021) Values assessment for
personnel selection: comparing job applicants to non-applicants’, European Journal of Work
and Organizational Psychology, Online Advance Publication, https://doi.org/10.1080/
1359432X.2021.2008911.

Arthur Jr., W. and Villado, A.J. (2008) ‘The importance of distinguishing between constructs and
methods when comparing predictors in personnel selection research and practice’, Journal of
Applied Psychology, Vol. 93, No. 2, pp.435-442, https://doi.org/10.1037/0021-9010.93.2.435.

Azar, A., Sebt, M.V., Ahmadi, P. and Rajaeian, A. (2013) ‘A model for personnel selection with a
data mining approach: a case study in a commercial bank’, Journal of Human Resource
Management, Vol. 11, No. 1, pp.1-10, https://doi.org/10.4102/sajhrm.v11i1.449.

Barrick, M.R. and Mount, M.K. (1991) ‘The big five personality dimensions and job performance:
a meta-analysis’, Personnel Psychology, Vol. 44, No. 1, pp.1-26, https://doi.org/10.1111/
j-1744-6570.1991.tb00688.x.

Bertsimas, D. and Kallus, N. (2020) ‘From predictive to prescriptive analytics’, Management
Science, Vol. 66, No. 3, pp.1025-1044, https://doi.org/10.1287/mnsc.2018.3253.

Boudreau, J.W. and Ramstad, P.M. (2005) ‘Talentship and the new paradigm for human resource
management: from professional practice to strategic talent decision science’, Human Resource
Planning, Vol. 28, No. 2, pp.17-26, https://doi.org/10.1002/hrm.20054.



118 J. Lee et al.

Boudreau, J.W., Boswell, W.R., Judge, T.A. and Bretz, R.D. (2001) ‘Personality and cognitive
ability as predictors of job search among employed managers’, Personnel Psychology,
Vol. 54, pp.25-50.

Bradley, A.P. (1997) ‘The use of the area under the ROC curve in the evaluation of machine
learning algorithms’, Pattern Recognition, Vol. 30, No. 7, pp.1145-1159, https://doi.org/
10.1016/50031-3203(96)00142-2.

Burgoyne, A.P., Hambrick, D.Z. and Altmann, E.M. (2021) ‘Incremental validity of placekeeping
as a predictor of multitasking’, Psychological Research, Vol. 85, pp.1515-1528,
https://doi.org/10.1007/s00426-020-01348-7.

Caldwell, D.F. and Burger, J.M. (1998) ‘Personality characteristics of job applicants and success in
screening interviews’, Personnel Psychology, Vol. 51, pp.119-135.

Caligiuri, P., Cieri, H.D., Minbaeva, D., Verbeke, A. and Zimmermann, A. (2020) ‘International
HRM insights for navigating the COVID-19 pandemic: implications for future research and
practice’, Journal of International Business Studies, Vol. 51, pp.697-713, https://doi.org/
10.1057/s41267-020-00335-9.

Conway, J.M., Jako, R.A. and Goodman, D.F. (1995) ‘A meta-analysis of interrater and internal
reliability of selection interviews’, Journal of Applied Psychology, Vol. 80, No. 5,
pp.565-579, https://doi.org/10.1037/0021-9010.80.5.565.

Cook, K.W., Vance, C.A. and Spector, P.E. (2000) ‘The relation of candidate personality with
selection-interview outcomes’, Journal of Applied Psychology, Vol. 30, No. 4, pp.867-885,
https://doi.org/10.1111/j.1559-1816.2000.tb02828.x.

Costa Jr., P.T. and McCrae, R.R. (1992) Revised NEO personality inventory (NEO-PI-R) and NEO
Five-Factor Inventory (NEO-FFI) Professional Manual, Psychological Assessment
Resources, Odessa, FL.

Davenport, T.H. (2006) ‘Competing on analytics’, Harvard Business Review, Vol. 84, No. 1,
pp-98-107.

Day, D.V. and Silverman, S.B. (1989) Personality and job performance: evidence of incremental
validity’, Personnel Psychology, Vol. 42, No. 1, pp.25-36, https://doi.org/10.1111/j.1744-
6570.1989.tb01549 x.

Devi, S., Nayak, M.M. and Patnaik, S. (2020) ‘Decision-making models and tools: a critical study’,
International Journal of Management and Decision Making, Vol. 19, No. 2, pp.176-206,
https://doi.org/10.1504/1IJMDM.2020.108204.

Dziak, J.J., Coffman, D.L., Lanza, S.T., Li, R. and Jermiin, L.S. (2020) ‘Sensitivity and specificity
of information criteria’, Briefings in Bioinformatics, Vol. 21, No. 2, pp.553-565,
https://doi.org/10.1093/bib/bbz016.

Fletcher, C. (1987) ‘Candidate personality as an influence on selection interview assessments’,
Applied Psychology. An International Review, Vol. 36, No. 2, pp.157-162, https://doi.org/
10.1111/5.1464-0597.1987.tb00382.x.

Gatewood, R.D., Feild, H.S. and Barrick, M. (2008) Human Resource Selection, 6th ed.,
Thomson-Southwestern, Mason.

Ghiselli, E.E. (1966) The Validity of Occupational Aptitude Tests, Wiley, New York.

Ghiselli, E.E. (1973) ‘The validity of aptitude tests in personnel selection’, Personnel Psychology,
Vol. 26, No. 4, pp.461-477, https://doi.org/10.1111/.1744-6570.1973.tb01150.x.

Giinaydin, H.D. (2021) ‘Impacts of personality on job performance through COVID-19 fear and
intention to quit’, Psychological Reports, Advance Online Publication, https://doi.org/
10.1177/00332941211040433.

Haddad, M., Sanders, D. and Bausch, N. (2019) ‘Selecting a robust decision-making method to
evaluate employee performance’, International Journal of Management and Decision Making,
Vol. 18, No. 4, pp.333-351, https://doi.org/10.1504/IJMDM.2019.102646.

Hajian-Tilaki, K. (2013) ‘Receiver operating characteristic (ROC) curve analysis for medical
diagnostic test evaluation’, Caspian Journal of Internal Medicine, Vol. 4, No. 2, pp.627-635.



Predictive analytics for efficient decision making in personnel selection 119

Hastuti, R. and Timming, A.R. (2022) ‘Can HRM predict mental health crises? Using HR analytics
to unpack the link between employment and suicidal thoughts and behaviors’, Personnel
Review, Advance Online Publication, https://doi.org/10.1108/PR-05-2021-0343.

Hogan, R. and Hogan, J. (1995) Hogan personality inventory manual, 2nd ed., Hogan Assessment
Systems, Tulsa, OK.

Hogan, R., Hogan, J., Lock, J. and Brinkmeyer, K. (1994) Validity of the Hogan Personality
Inventory for Selecting Managers (Tech. Rep. No. 61), Hogan Assessment Systems, Tulsa,
OK.

Hough, L.M. and Oswald, F.L. (2008) ‘Personality testing and industrial-organizational
psychology: Reflections, progress, and prospects’, Industrial and Organizational Psychology:
Perspectives on Science and Practice, Vol. 1, pp.272-290, https://doi.org/10.1111/j.1754-
9434.2008.00048.x.

Huang, J.L., Ryan, A.M., Zable, K.L. and Palmer, A. (2014) ‘Personality and adaptive performance
at work: a meta-analytic investigation’, Journal of Applied Psychology, Vol. 99, No. 1,
pp-162—179, https://doi.org/10.1037/a0034285.

Huffcutt, A.I. and Arthur Jr., W. (1994) ‘Hunter and Hunter (1984) revisited: interview validity for
entry-level jobs’, Journal of Applied Psychology, Vol. 79, No. 2, pp.184-190, https://doi.org/
10.1037/0021-9010.79.2.184.

Huffcutt, A.L., Roth, P.L. and McDaniel, M.A. (1996) ‘A meta-analytic investigation of cognitive
ability in employment interview evaluations: moderating characteristics and implications for
incremental validity’, Journal of Applied Psychology, Vol. 81, No. 5, pp.459-473,
https://doi.org/10.1037/0021-9010.81.5.459.

Hunter, J.E. and Hirsh, H.R. (1987) ‘Applications of meta-analysis’, in Cooper, C. and
Robertson, 1. (Eds.): International Review of Industrials and Organizational Psychology,
Vol. 2, pp.321-358, Wiley, New York.

Hunter, J.E. and Hunter, R.F. (1984) ‘Validity and utility of alternative predictors of job
performance’, Psychological Bulletin, Vol. 96, No. 1, pp.72-98, https://doi.org/10.1037/0033-
2909.96.1.72.

Hurtz, G.M. and Donovan, J.J. (2000) ‘Personality and job performance: the big five revisited’,
Journal of Applied Psychology, Vol. 85, No. 6, pp.869-879, https://doi.org/10.1037/0021-
9010.85.6.869

International Labour Organization (2020) ‘COVID-19 and the world of work: impact and policy
responses’ [online]  https://www.ilo.org/global/topics/coronavirus/impactsandresponses/
langen/index.htm (accessed 7 April 2020).

John, O.P., Naumann, L.P. and Soto, C.J. (2008) ‘Paradigm shift to the integrative Big Five trait
taxonomy: history, measurement, and conceptual issues’, in John, O.P., Robins, R.W. and
Pervin, L.A. (Eds.): Handbook of Personality: Theory and Research, pp.114-158, Guilford,
New York.

Judge, T.A., Colbert, A.E. and Ilies, R. (2004) ‘Intelligence and leadership: a quantities review and
test of theoretical propositions’, Journal of Applied Psychology, Vol. 89, No. 3, pp.542-552,
https://doi.org/10.1037/0021-9010.89.3.542.

Judge, T.A., Heller, D. and Mount, M.K. (2002) ‘Five-factor model of personality and job
satisfaction: a meta-analysis’, Journal of Applied Psychology, Vol. 87, No. 3, pp.530-541,
https://doi.org/10.1037/0021-9010.87.3.530.

Kawohl, W. and Nordt, C. (2020) ‘COVID-19, unemployment, and suicide’, Lancet Psychiatry,
Vol. 7, No. 5, pp-389-390.

King, K. (2016) ‘The talent deal and journey: understanding how employees respond to talent
identification over time’, Employee Relations, Vol. 38, No. 1, pp.94—111, https://doi.org/
10.1108/er-07-2015-0155.



120 J. Lee et al.

Koch, M., Nam, S.H. and Steers, R.M. (1995) ‘Human resource management in South Korea’, in
Moore, L.F. and Jennings, P.D. (Eds.): Human resource management on the Pacific Rim,
pp-217-242, Walter de Gruyter, Berlin, https://doi.org/10.1515/9783110889420-010.

Kuha, J. (2004) ‘AIC and BIC: comparisons of assumptions and performance’, Sociological
Methods &  Research, Vol. 33, No. 2, pp.188-229, https://doi.org/10.1177/
0049124103262065.

Kutner, M., Nachtsheim, C., Neter, J. and Li, W. (2004) Applied Linear Statistical Models, 5th ed.,
McGraw-Hill Irwin, New York.

Landers, R.N., Armstrong, M.B., Collmus, A.B., Mujcic, S. and Blaik, J. (2021) ‘Theory-driven
game-based assessment of general cognitive ability: design theory, measurement, prediction of
performance, and test fairness’, Journal of Applied Psychology, Advance Online Publication,
https://doi.org/10.1037/apl0000954.

Lansbury, R.D., Kwon, S.H and Suh, C.S. (2006) ‘Globalization and employment relations in the
Korean auto industry: the case of the Hyundai Motor Company in Korea, Canada and India’,
Asia Pacific Business Review, Vol. 12, No. 2, pp.131-147, https://doi.org/10.1515/
9783110889420-010.

Liao, S.K. and Chang, K.L. (2009) ‘Selecting public relations personnel of hospitals by analytic
network process’, Journal of Hospital Marketing and Public Relations, Vol. 19, No. 1,
pp.52-63, https://doi.org/10.1080/15390940802581713.

Lievens, F. and Highhouse, S. (2003) ‘The relation of instrumental and symbolic attributes to a
company’s attractiveness as an employer’, Personnel Psychology, Vol. 56, No. 1, pp.75-102,
https://doi.org/10.1111/j.1744-6570.2003.tb00144 x.

Lievens, F., Sackett, P.R. and Zhang, C. (2021) ‘Personnel selection: a longstanding story of impact
at the individual, firm, and societal level’, European Journal of Work and Organizational
Psychology, Vol. 30, No. 3, pp.444—455, https://doi.org/10.1080/1359432X.2020.1849386.

Margherita, A. (2021) ‘Human resources analytics: a systematization of research topics and
directions for future research’, Human Resource Management Review, p.100795,
https://doi.org/10.1016/j.hrmr.2020.100795.

Marler, J.H. and Boudreau, J.W. (2017) ‘An evidence-based review of HR analytics’, The
International Journal of Human Resource Management, Vol. 28, pp.3-26.

McCartney, S. and Fu, N. (2022) ‘Bridging the gap: why, how and when HR analytics can impact
organizational performance’, Management Decision, Vol. 60, No. 13, pp.25-47,
https://doi.org/10.1108/MD-12-2020-1581.

McDaniel, M.A., Whetzel, D.L., Schmidt, F.L. and Maurer, S.D. (1994) ‘The validity of
employment interviews: a comprehensive review and meta-analysis’, Journal of Applied
Psychology, Vol. 79, No. 4, pp.599-616, https://doi.org/10.1037/0021-9010.79.4.599.

McHenry, J.J., Hough, L.M., Toquam, J.L., Hanson, M.A. and Ashworth, S. (1990) ‘Project a
validity results: the relationship between predictor and criterion domains’, Personnel
Psychology, Vol. 43, No. 2, pp.335-354, https://doi.org/10.1111/j.1744-6570.1990.tb01562 x.

Mishra, S.J., Lama, D.R. and Pal, Y. (2016) ‘Human resource predictive analytics (HRPA) for HR
management in organisations’, International Journal of Scientific and Technology Research,
Vol. 5, No. 5, pp.33-35.

Mishra, S.N. and Lama, D.R. (2016) ‘A decision making model for human resource management in
organizations using data mining and predictive analytics’, International Journal of Computer
Science and Information Security, Vol. 14, No. 5, p.217.

Oh, L.S., Schmidt, F.L., Shaffer, J.A. and Le, H. (2008) ‘The graduate management admission test
(GMAT) is even more valid than we thought: a new development in meta-analysis and its
implications for the validity of the GMAT’, The Academy of Management Learning and
Education, Vol. 7, No. 4, pp.563-570, https://doi.org/10.5465/amle.2008.35882196.

Oh, 1.S., Wang, G. and Mount, M.K. (2011) ‘Validity of observer ratings of the five-factor model
of personality traits: a meta-analysis’, Journal of Applied Psychology, Vol. 96, No. 4,
pp-762-773, https://doi.org/10.1037/a0021832.



Predictive analytics for efficient decision making in personnel selection 121

Ones, D.S., Dilchert, S., Viswesvaran, C. and Salgado, J.F. (2010) ‘Cognitive abilities’, in Farr, J.L.
and Tippins, N.T. (Eds): Handbook of Employee Selection, pp 25576, Erlbaum, Mahwah, NJ.

Ozer, D.J. and Benet-Martinez, V. (2006) ‘Personality and the prediction of consequential
outcomes’, Annual Review of Psychology, Vol. 57, No. 1, pp.401-421, https://doi.org/10.1146/
annurev.psych.57.102904.190127.

Posthuma, R.A., Morgeson, F.P. and Campion, M.A. (2002) ‘Beyond employment interview
validity: a comprehensive narrative review of recent research and trends over time’, Personnel
Psychology, Vol. 55, No. 1, pp.1-81, https://doi.org/10.1111/j.1744-6570.2002.tb00103 x.

Reilly, R. and Chao, G. (1982) ‘Validity and fairness of some alternative employee selection
procedures’, Personnel Psychology, Vol. 35, No. 1, pp.1-62, https://doi.org/10.1111/j.1744-
6570.1982.tb02184 x.

Schmidt, EL. (1988) ‘The problem of group differences in ability test scores in employment
selection’, Journal of Vocational Behavior, Vol. 33, No. 3, pp.272-292, https://doi.org/
10.1016/0001-8791(88)90040-1.

Schmidt, F. and Hunter, J. (2000) ‘Select on intelligence’, in Locke, E. (Ed.): The Blackwell
Handbook of Principles of Organizational Behavior, pp.3—14, Blackwell, Oxford, UK,
https://doi.org/10.1002/9781405164047.ch1.

Schmidt, F.L. and Hunter, J.E. (1998) ‘The validity and utility of selection methods in personnel
psychology: practical and theoretical implications of 85 years of research
findings’, Psychological Bulletin, Vol. 124, No. 2, pp.262-274, https://doi.org/10.1037/0033-
2909.124.2.262.

Schmitt, N. (2014) ‘Personality and cognitive ability as predictors of effective performance at
work’, Annual Review of Organizational Psychology and Organizational Behavior, Vol. 1,
No. 1, pp.45-65, https://doi.org/10.1146/annurev-orgpsych-031413-091255.

Sheng, J., Amankwah-Amoah, J., Khan, Z. and Wang, W. (2021) ‘Covid-19 pandemic in the new
era of big data analytics: methodological innovations and future research directions’, British
Journal of Management, Vol. 32, No. 4, pp.1164-1183, https://doi.org/10.1111/1467-
8551.12441.

Shmueli, G. (2010) ‘To explain or to predict?’. Statistical Science, Vol. 25, No. 3, pp.289-310,
https://doi.org/10.1214/10-sts330.

Shmueli, G. and Koppius, O.R. (2011) ‘Predictive analytics in information systems research’, MIS
Quarterly, Vol. 35, No. 3, pp.553-572, https://doi.org/10.2307/23042796.

Singh, R., Sharma, P., Foropon, C. and Belal, H.M. (2022) ‘The role of big data and predictive
analytics in the employee retention: a resource-based view’, International Journal of
Manpower, Online Advance Publication, https://doi.org/10.1108/1JM-03-2021-0197.

Sivaram, N. and Ramar, K. (2010) ‘Applicability of clustering and classification algorithms for
recruitment data mining’, International Journal of Computer Applications, Vol. 4, No. 5,
pp-23-28, https://doi.org/10.5120/823-1165.

Skinkle, R. and McLeod, K. (1995) Video Conference Technology: A Human Resources
Application, Student Employment Services, University of Western Ontario, London, Ontario.

Tay, C., Ang, S. and Van Dyne, L. (2006) ‘Personality, biographical characteristics, and job
interview success: a longitudinal study of the mediating effects of interviewing self-efficacy
and the moderating effects of internal locus of causality’, Journal of Applied Psychology,
Vol. 91, pp.446-454.

Tett, R.P., Jackson, D.N. and Rothstein, M. (1991) ‘Personality measures as predictors of job
performance: a meta-analytic review’, Personnel Psychology, Vol. 44, No. 4, pp.703-742,
https://doi.org/10.1111/j.1744-6570.1991.tb00696.x.

Vrieze, S.I. (2012) ‘Model selection and psychological theory: a discussion of the differences
between the Akaike information criterion (AIC) and the Bayesian information criterion
(BIC)’, Psychological Methods, Vol. 17, No. 2, pp.228-243, https://doi.org/
10.1037/a0027127.



122 J. Lee et al.

Watson, H.J. (2011) ‘Business analytics insight: hype or here to stay’, Business Intelligence
Journal, Vol. 16, No. 1, pp.4-8.

Wiesner, W.H. and Cronshaw, S.F. (1988) ‘A meta-analytic investigation of the impact of
interview format and degree of structure on the validity of the employment interview’, Journal
of Occupational Psychology, Vol. 61, No. 4, pp.275-290, https://doi.org/10.1111/j.2044-
8325.1988.tb00467 x.

Zaitsava, M., Marku, E. and Guardo, M.C.D. (2022) ‘Is data-driven decision-making driven only
by data? When cognition meets data’, European Management Journal, Online Advance
Publication, https://doi.org/10.1016/j.em;j.2022.01.003.



