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Abstract

Research on judgment accuracy in human resource management shows that various rater
characteristics predict accuracy, but emerging findings suggest that these individual
differences may interact with one another (rather than being direct effects). The present
study aimed to add to this area of research by determining how rater personality traits may
moderate the relationship between GMA and rating accuracy. Secondary data collected in
a prior study of police managers undergoing a seven-week managerial training course in
South Africa (N =146) were analysed. The findings supported that selected rater-
personality traits may moderate the relationship between intelligence and rating accuracy.
For example, rater intelligence was a better predictor of accuracy when the judge was more
agreeable. Intellectance and conscientiousness were found to have no significant
moderating effect on the relationship between intelligence and rating accuracy. Only three
out of the Big Five Personality traits were examined in this research study. Importantly, the
study contributed to theory by expanding the Good Judge model (De Kock et al., 2020),
analysing how individual differences in the ability and trait domains may potentially
interact to influence accuracy. In addition to enhancing our understanding of how rater
personality constructs may affect accuracy, the study discusses important implications for

practices, such as rater training and selection.

Keywords: moderator effect, accuracy, intelligence, judgment, rating, personality traits,
good judge model.
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Chapter 1

The following chapter provides a brief overview of individual differences in rating
quality and how they influence judgement accuracy and intelligence. The chapter also

discusses the main aims of this study, followed by the research question.

1.1 Introduction

Personality judgements are considered a vital aspect of everyday life; they are
consequential for the individual who makes them (Funder, 2012). In human resource
management (HRM), ratings play a pervasive role (Guion & Highhouse, 2011).
Importantly, several organisations rely on ratings to make crucial decisions regarding
selection, promotion and performance management (De Kock et al., 2020). The attributes
of the “good judge” have compelled researchers for several decades (Funder, 2012).
Establishing a more precise perspective of the characteristics which affect accuracy may
assist organisations with recruitment and training processes, which are to hire the best
possible employees.

The focus of individual differences research has been focused more towards
investigating particular abilities associated with being a good judge (Letzring, 2008;
Powell, 2008). Even though most reviews of interview literature suggest that good judges
have higher general intelligence, researchers continue to search for other attributes that
may help identify accurate judges (Letzring, 2008). The accurate judge does not appear to
score higher or lower than others on any specific personality trait (De Kock et al., 2020).
Findings from De Kock et al. (2020) discovered none of the Big Five Personality traits to
be consistent predictors of judgement accuracy in HRM. Studies that have reported
significant effects have illustrated small effects (Cohen, 1988), except for openness to
experience and Agreeableness (Christiansen et al., 2005), therefore suggesting that traits
may not be crucial to shaping rating quality. Furthermore, De Kock et al.’s (2020) review
proposes that there might be more complex interactions between personality and judgment
accuracy, such as moderating effects, which may account for these inconsistent trends.

One study discovered a gender distinction in the accuracy of personality judgments,
and their findings report that interpersonal orientation was positively associated to judges’
accuracy in rating the personality traits of videotaped targets (Vogt & Colvin, 2003). In

contrast, Lippa and Dietz (2000) found no gender differences in making accurate
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judgements, even though intelligence was associated with more accurate personality
judgements. These inconsistent findings potentially indicate that personality indirectly
influences judgement accuracy.

It is anticipated that accurate judges generate evaluations in HRM, which
demonstrate sufficient rating quality. Rating quality can be referred to as the extent to
which an individual’s ratings are considered accurate, not only as a measure of other
individuals’ attributes, but also as predictors of significant outcomes (e.g. employment
performance criteria) (De Kock et al., 2020). However, researchers are presently
experiencing inconsistencies relating to the profile of the accurate judge in HRM (Jones &
Born, 2008).

Most research on individual difference attributes is known to be tested in relative
isolation and limited research is available on how these variables may interact when
predicting rating accuracy within organisational settings. Moderation arises when the
association between an independent and dependent variable is conditional upon a third
variable (Li et al., 2019), commonly referred to as a moderator variable (Aiken et al., 1991;
Dawson, 2014). Furthermore, in the absence of a moderator variable, the independent
variable (X) is anticipated to predict the dependent variable (Y) (Li et al., 2019). However,
the interaction term (Z) implies that the strength of the XY association will differ
depending on the level of Z. Certainly, the interaction term (Z) may theoretically enhance,
weaken or reverse the effect of the independent variable and dependent variable (Li et al.,
2019). Evaluating interactions assists researchers with the capacity to enhance their
perspectives of socioeconomic relationships by discovering the circumstances which apply
to such relationships (Andersson et al., 2020).

The findings of Christiansen et al. (2005) demonstrate that conscientiousness and
agreeableness traits moderated the relationship between intelligence and acquaintance
accuracy (De Kock et al., 2020). In addition, openness to experience was found to be
positively associated with measures of General Intelligence (De Kock et al., 2020), an
attribute known to foster higher accuracy levels. Furthermore, these findings are consistent
with past research (Hollenbeck et al., 1988; Wright et al., 1995), demonstrating that
employees’ performance on specific tasks or activities is more efficient when people are
driven to perform successfully on the job and present greater levels of relevant abilities.
Additionally, Wright et al.’s (1995) study supports the interactive findings of Hollenbeck
et al. (1988), who propose that personality and mental ability interactively predict job

performance.
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Moreover, if the moderator effect exists, this means that there are not only direct
effects which influence judgement accuracy, as demonstrated by the Good Judge Model
(De Kock et al., 2020), but that there are also indirect effects, such as individual
characteristics interacting with each another which may influence judgement accuracy.
Importantly, this could be relevant to rating practices, as the success of rater selection as
well as rater training could be dependent on an appropriate framework of the specific
interviewer characteristics which drive accuracy. Additionally, the moderation effect could
be pertinent to organisations as they could consider implementing rater training
interventions which look how different personality traits moderate GMA on rating
accuracy, not only the direct effects of judgement accuracy, and develop the relevant
knowledge structures which could be crucial in curriculum design and evaluation
(Christiansen et al., 2005). Individuals may develop the ability to make better decisions
once they are capable of accurately evaluating the personality of people, as well as
adopting the relevant knowledge concerning the process of accurate judgement, which
could assist HRM practitioners to make more appropriate judgements (Letzring, 2008).
Importantly, speculating about the good judge hypothesises that a good judge may be
knowledgeable about how personality correlates to behaviour, as well as demonstrates high
cognitive abilities and general intelligence (Funder, 1999).

One approach explaining the process of accurate judgement is the Realistic
Accuracy Model (RAM), which stems from Brunswik’s Lens Model (Brunswick, 1956;
Funder, 1995). According to RAM (Funder, 1995), an individual is required to fulfil four
stages successfully in order for accuracy to be attained. For example, the individual has to
perform an action pertinent to the personality characteristic being judged, the relevant cue
is required to be accessible to as well as detected by the judge, and lastly the judge has to
use the cue efficiently to formulate a judgement (Letzring, 2008). From a cognitive point
of view, obtaining an accurate outcome regarding an employee’s personality is
exceptionally abstruse. As a minimum requirement, accuracy demands a good memory to
recall past behaviour (Christiansen et al., 2005). Because inferential trait frameworks are
required to be developed and examined, the capacity to cope with abstruse notions is also
pertinent. As a result, it is anticipated that the association between intelligence and
accuracy may potentially depend on one’s personality, where personality functions as an

indirect rather than direct effect in rating accuracy.
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1.2 Aim of This Research

The limited amount of research on the moderating effects of personality on rating
accuracy and intelligence requires further development. Investigating how individual
differences interact with one another may be relevant, as most research tends to focus on
the direct effects. The moderation effect may therefore help us to understand these
inconsistencies of the relationship between accuracy and personality and that these mixed
findings may indicate the presence of a moderator or moderators. The present study
extended the research of Christiansen et al. (2005) by demonstrating how personality may
moderate GMA on rating accuracy.

Moderation analysis is utilised when a researcher is particularly fascinated in
investigating whether or not the size of a variable’s effect on an outcome variable of
interest is dependent on a third variable (Hayes, 2012). Investigating this interaction effect
also added to the Good Judge Model (De Kock et al., 2020) by demonstrating how
individual characteristics act as moderators and explained this complex interaction.
Importantly, another fundamental aim of this study was to investigate whether the findings
of the research study by Christiansen et al. (2005) were spurious or robust, if replicated in a
new study. By studying replication, researchers build a stronger science (Farrar et al.,
2020).

1.3 Research Question

To address the aims of this research, the research question is: Do rater-personality
traits moderate the effect of other individual difference constructs, such as GMA, on rating
quality? More specifically, do personality traits such as agreeableness, conscientiousness
and openness to experience moderate the relationship between intelligence and rating

accuracy in interviews?
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Chapter 2: Literature Review

The following chapter introduces the theoretical background and empirical research
around rater-personality traits and how they influence rating quality. Most research on
individual difference attributes tends to be examined in relative isolation; limited research
has acknowledged how these variables interact in the prediction of rating accuracy within
organisational settings. This chapter begins by describing rating accuracy and its
theoretical underpinnings. This is followed by a section on theoretical approaches to
judgement accuracy and intelligence. The individual attributes of the good judge are then
described in detail, along with the theoretical framework for moderating effects. Lastly, the
three personality dimensions which influence rating accuracy and intelligence are

discussed.

2.1  The Importance of Rating Quality

Individuals may have the ability to make more efficient decisions in the workplace
if they have the competency to judge employees or candidates more accurately (Letzring,
2008). Rating quality can be referred to as the extent to which an individual’s ratings are
considered accurate, not only as a measure of other individual’s attributes, but also as
predictors of significant outcomes (i.e. employment performance criteria) (De Kock et al.,
2020). A fundamental element within the procedure of accurate judgment involves the
individual making the judgement (Letzring, 2008). Speculations concerning the good judge
propose that it is someone who is well-informed about the ways in which personality
pertains to behaviour, demonstrates advanced levels of intellectual competencies and is
motivated to be accurate, along with various other attributes (Funder, 1995). Research also
indicates that good judges are individuals who are capable of attaining fairly large amounts
of relevant information concerning their targets (Letzring, 2008; Powell; 2008). As a
result, accurate judges are expected to provide assessments in HRM that illustrate

sufficient rating quality due to the competencies associated with them.

2.2  Judgement Accuracy

In several research studies involving judgment accuracy, the focal point
encompasses the question: “is the judgement correct?” (Funder, 2012, p. 177). Thus,

accuracy could be defined as the true principle against which judgement is differentiated
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(Funder, 1995). Importantly, all domains of science require assessments of validity and
reliability. Funder (2012) proposes three criteria which could be implemented when
evaluating accuracy. The first is known as self-other agreement, and various studies have
evaluated accuracy based on the degree to which the rater’s judgement is in line with that
of the target’s own judgement of personality (Funder, 2012). The second criterion is
consensus, also known as other-other agreement, which is defined as the level of
agreement between the personality judgements manifested by two or more individuals
regarding another person (Funder et al., 2004). Moreover, it is crucial to be mindful of the
fact that consensus is not inevitably related to what the individual is actually like; a group
of people may agree about the personality of a particular individual, which could result in
inaccurate stereotypes, affecting the way that individual is being judged.

Lastly, the third criterion for accurate judgement is referred to as behaviour
prediction (Funder, 1996). A judgement of personality is considered accurate to the extent
that it can anticipate independent evaluations of the behaviour of the individual being
judged (Funder & West, 1993). Although the three criteria mentioned present an idea of
ways in which researchers could evaluate accuracy, it is also necessary to comprehend the
procedure which enables accurate judgement. Therefore, Funder (2012) recommends an

accuracy model to fulfil this objective.

2.3  Theoretical Approaches to Judgement Accuracy

Various theories, including the RAM (Funder, 1995) and Social Judgment Theory
(SJT) (Cooksey, 1996), emerge in rating accuracy literature to explain the phenomenon.
These theoretical frameworks provide an empirical grounding for understanding the

foundations of judgment accuracy.

2.3.1 Realistic Accuracy Model

The RAM, established by Funder (1995), integrates an individual’s personality trait
with the perceiver’s correct judgment of that trait (Funder, 2012). RAM also provides a
general description for moderators of accuracy and clarifies the ways in which these
variables interact (Funder, 1995). Importantly, for this association to be developed for
accurate judgement to be attained, four processes need to take place: relevance,
availability, detection and utilisation (Funder, 1995). The Good Judge Model (De Kock et
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al., 2020) links rater individual differences to fundamental judge processes, namely cue
detection and cue utilisation, thought to cause accuracy (De Kock et al., 2020).

Judges may affect the detection phase by demonstrating more attentive
characteristics and acknowledging their surroundings instead of only being concerned with
their inner emotions and thoughts (Adams, 1927; Letzring, 2008). For example, making
more eye contact and showing full interest in what the individual has to say are considered
behaviours that could possibly illustrate that the judge is concentrating on the target.
Moreover, in situations like this, targets are more likely to reveal more information about
themselves when the judge appears to be interested in them and paying attention to what
they are saying (Letzring, 2008). Judges may influence the utilisation phase by having the
ability to effectively integrate and comprehend cues (Letzring, 2008). Additionally, judges
who present high cognitive abilities, such as general and social intelligence, are predicted
to be highly efficient during this phase of RAM, as they have the potential to recall and
effectively manipulate cues (Funder, 1999). Moreover, certain researchers have found
promising results relating to the concept that intelligence and mental complexity are

associated with judgement accuracy (Christiansen et al., 2005; Vernon, 1933).

2.3.2 Social Judgement Theory

The SJT (Cooksey, 1996) was established from Egon Brunswik’s functionalist
psychology ideas and regression analysis. The theoretical framework proposes that one’s
judgement is associated with the reality of a social environment and could be
conceptualised as a “lens” (Dowding & Thompson, 2003). Furthermore, this notion of a
lens may be utilised to mould the manner in which several types of knowledge and
information correlate with the actuality of a given judgement setting, as well as the manner
in which people tend to use knowledge and information to make judgements (Dowding &
Thompson, 2003).

Through its illustrative mechanism, the Lens Framework, STJ is known as the most
broadly used, systems-orientated approach for interpreting human judgement in explicit
ecological conditions (Cooksey, 1996). The Lens Model proposes that the ecological
condition (e.g. the problem of the individual) is situated on the left division of the model.
There are different types of cues which are theoretically associated with this ecological
condition (e.g. the individual’s symptoms or signs), with distinct significance attached to

them (Dowding & Thompson, 2003). Moreover, the judges then utilise these cues to
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construct judgements (the right-hand division of the Lens Framework). If the cues are
considered equally important by the judge as they are connected to the ecological
condition, then the judgement is considered more accurate (Dowding & Thompson, 2003).
If the judge considers one cue more significant than the other, then their judgement may be
less accurate. Interestingly, this approach has been utilised in various fields such as
finance, weather forecasting and health (Harries & Harries, 2001).

2.4 Individual Differences of the Good Judge

Various individual difference constructs which influence judgement accuracy have
been explored, even though findings are not convincing. Conventional studies tend to
centre their research on the main effects of broad personality traits and judgement accuracy
(Christiansen et al., 2005; Funder, 1999), as well as general intelligence and rating
accuracy (Borman, 1979; Christiansen et al., 2005; Lippa & Dietz, 2000). However, the
inconsistencies relating to this area of research require more research in order to present
firm conclusions. Because most research on individual differences has been assessed in
relative isolation, analysing how these variables interact in the prediction of rating

accuracy may lead to promising results.

2.5 Intelligence

Intelligence can be operationalised as the ability of an individual to deliberately
alter their thinking to new requirements (Salgado, 2017). It is considered a complex system
which integrates many levels of analysis, including biological, geographic, computational,
sociological, and others (Wagner, 2000). Intelligence may also be referred to as GMA
which contains a vast spectrum of precise cognitive abilities, such as abstract reasoning,
planning, problem-solving and learning from experience (Di Domenico & Fournier, 2015).

Furthermore, General Mental Ability (GMA), as well as specific intelligence
assessments, is known to be the significant predictors of employee performance, task
performance, as well as training ability (Salgado, 2017). Therefore, mental ability
assessments occupy the most prominent position among the personnel selection processes
(Salgado, 2017). Individual differences in intelligence are considered relatively stable over
time, for example Deary et al. (2002) assessed participants at age 10 and then again at 80
and discovered that general intelligence presented a rank-order stability coefficient of .63.

Moreover, judging individuals is known to be a highly complex task which places more
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strain on the information processing load of the rater (De Kock et al., 2020; Lance et al.,
2004). General mental abilities may be a pertinent element to producing accurate

judgements.

2.5.1 Research Findings on Intelligence and Rating Accuracy

Results from De Kock et al. (2020) demonstrate that overall, rater general
intelligence was found to be a consistent predictor of rating accuracy compared to all the
other individual differences they reviewed. From their meta-analysis of all individual
differences reviewed, uncorrected validity coefficients were average .54 (Schneider &
Bayroff, 1953); .31 (Borman, 1979); .24 (Borman & Hallam, 1991); .23—-.34 (Hauenstein
& Alexander, 1991); .36 (Lippa & Dietz, 2000); .25 (Christiansen et al., 2005). Results
demonstrated that effect sizes were often rather modest (e.g. uncorrected .10 < r <.30) and
certain studies, such as Letzring (2008) and (Powell, 2008) discovered no relationship
between intelligence and accuracy (De Kock et al., 2020).

The model formulated by De Kock et al. (2020) proposes that the availability of
contextual information could impede or encourage cue detection and utilisation. Moreover,
the model predicted that boundary conditions, namely interview structures or situational
attributes, could affect the type of abundance of cues accessible to the judge (De Kock et
al., 2020). Rationally, the influence of GMA on rating accuracy could develop with job
complexity. Additionally, the social cognitive theory proposes that intelligence could be
presumed to correlate more with accuracy when it simulates a prominent indisputable
responsibility in providing accurate judgements, for example when information processing
loads are high (Ambady & Rosenthal, 1992).

For example, cue-rich situations, such as strictly structured interviews, could
bestow less mental pressure on judges compared to cue-poor situations, such as low
structured interviews, where very limited good information is retrieved (De Kock et al.,
2020). Therefore, it is anticipated that intelligence might be a stronger predictor of
accuracy in less structured interviews. The results of Christiansen et al. (2005) were
congruent to the results of Lippa and Dietz (2000), who establish that GMA was correlated
to accuracy of personality judgements made in terms of non-verbal cues of outsiders, and
expanded the results to judgments of naturally occurring acquaintances. Additionally,
findings from Christiansen et al. (2005) also demonstrate that GMA was positively

associated with intelligence and openness to experience. Generally, the results illustrated



19

that higher elevations of GMA and openness tended to make more accurate judgements
(Christiansen et al., 2005) Similarly, Furnham et al. (2007) found agreeableness to be

significantly correlated to intelligence.

2.6 Personality

Personality is commonly referred to as predispositions to react to stimuli in a
particular manner (De Kock et al., 2015; John et al., 2008). Essentially, personality
includes an intense behavioural propensity focus (Mayer et al., 1999). The Five-Factor
Model (FFM) of personality (Digman, 1990) serves as a conceptual model for organising
traits which judges are asked to perceive in others and is also used to evaluate the
personality traits of judges (Lippa & Dietz, 2000). The FFM of personality has developed
into a broadly used model for classifying personality traits (Powell & Goffin, 2009).
Labels, as well as common characteristics related to attributes in the model, include
Extraversion (sociable or active), agreeableness (considerate or trusting), conscientiousness
(dependable, organised or persistent), openness to experience (intellectual or imaginative),
and neuroticism (moody, tense) (Barrick et al., 2000; Powell & Goffin, 2009). One of the
most common techniques used to measure the Big Five personality traits is the
International Personality Item Pool (Goldberg, 1992).

2.7  Personality and Judgement Accuracy

The dimensions within the FFM have been associated with numerous
organisational objectives, such as job performance and training success (Powell & Goffin,
2009). Judges’ personalities could stabilise their social functioning in the organisation, as
well as factors of interpersonal judgment (De Kock et al., 2020). Precisely, personality
traits could influence an individual’s ability to create accurate notions of others because
theoretically they may possibly be connected to the stages of information processing in
RAM, specifically, cue detection and utilisation (De Kock et al., 2020).

2.7.1 Research Findings

Previous findings have presented that individuals who demonstrate higher openness
are considered more inquisitive and often find joy in working with theoretical notions and
beliefs (Goldberg, 1992). It is therefore rational to assume that they are also more inclined

to actively construct cognitive depictions of individuals’ traits and actions, discover trends
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of congruencies and formulate and assess propositions regarding other individuals’
behaviour (De Kock et al., 2020; Kruglanski & Ajzen, 1983). Conscientiousness
commonly presents itself in greater detail orientation; however, it could also influence the
way in which we shape impressions concerning others (Goldberg, 1992). For example, in
cue detection, judges who are highly conscientious are predicted to be more observant
compared to low conscientious judges and also demonstrate more consistency in cue
utilisation (De Kock et al., 2020).

Based on earlier studies, no trait is found to be a consistent predictor of rating
accuracy. Studies that have analysed these correlations have discovered small to medium
effect sizes if they reported significant effects (De Kock et al., 2020). Furthermore,
Christiansen et al. (2005) discovered that only openness to experience out of the Big Five
personality traits demonstrated a small to medium effect size (r =.23, p < .05) when
predicting interview accuracy. Some researchers have proposed analysing specific
personality facets rather than broad personality spheres, which might provide a more

explicit depiction of the association between personality and judgement accuracy.

2.7.2 How Personality may Moderate Intelligence and Rating Accuracy

A fundamental admonition to results concerning the individual attributes of the
good judge is that there is no specific trait that has appeared to be consistently related to
judgement accuracy (Davis & Kraus, 1997; Letzring, 2008); some have shown to predict
rating accuracy and some have presented no relationship. A possible explanation for these
mix findings may be due to the presence of moderator variables. Most researchers have
failed to focus on the indirect effects personality may have on judgment accuracy, and
perhaps the effect of personality on intelligence and rating accuracy is indirect rather than
direct.

For example, Bergold and Steinmayr (2018) explored the moderating effects
between general intelligence and the Big Five personality traits in predicting academic
performance. Certain theoretical frameworks predicting academic performance conclude
that GMA and personality significantly predict academic performance in relative isolation,
that is both variables’ contribution to academic performance is perceived as incremental
(Chamorro-Premuzic & Arteche, 2008). However, earlier frameworks relating to the
prediction of performance on the relationship between intelligence and motivation

proposed that both measures should interact indirectly with one another in a statistical
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manner (Bergold & Steinmayr, 2018). Specifically, they anticipated that the relationship
between performance and intelligence should be moderated by motivation, such that when
motivation is low, intelligence is not an important factor in the prediction of performance
compared to when motivation is high (Bergold & Steinmayr, 2018). This may be due to the
fact that intellectual individuals who present low levels of motivation could possibly
dispose their intellectual skills rather than working on their overall performance (Sackett et
al., 1998). Because motivation and personality are related (Steinmayr & Spinath, 2007), a
theoretical assumption arises that performance is an interactive function of intelligence and
personality (Bergold & Steinmayr, 2018). Thus, personality could possibly moderate the
relationship between intelligence and performance.

Various researchers have posited that these mixed finding may also be as a
consequence of the use of different criteria for accuracy and measures of accuracy
(Letzring, 2008), which could have significant outcomes for how accuracy is associated
with the traits and behaviours of the judge. Another argument is that certain practitioners
present uncertainty about whether judgment accuracy is an individual difference (Kenny &
Albright, 1987), predominantly in terms of low reliability accuracy results across the

sample used.

2.7.3 Does Personality Moderate the Effect of Intelligence on Accuracy?
2.7.3.1 Moderation Theoretical Model

Drawing from the theoretical frameworks discussed above, to contribute to the
model by De Kock et al. (2020), which illustrates the direct effects of accuracy, this
present study aimed to construct a model which demonstrated how personality may
moderate the influence of other individual differences constructs on rating quality
(showing interaction effects). Importantly, the conceptual diagram proposed that the
relationship between intelligence and judgement accuracy is dependent on one level on
another variable (e.g. a personality trait) (see Figure 1). This complex interaction between

variables is referred to as a moderator effect.
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Figure 1
Conceptual Diagram of the Moderator Effect

Personality Traits (Z)

Intelligence (X) Rating Accuracy (Y)

2.8 Moderation

In the field of psychology, the use of moderator analyses has a long history as it is
often used in the analysis of variance, commonly referred to as an interaction effect
(Shevlin et al., 2015). Furthermore, interaction, also known as moderating, effects
hypothesises that the relationship between two variables is dependent on the value of a
third variable (Aguinis & Gottfredson, 2010). Traditionally, several researchers have
utilised the term interaction to describe the combined effect of manipulated independent
variables within experimental designs (Gardner et al., 2017), whereas “moderation” has
been used to explain the integrated effect of continuous variables in non-experimental
designs (Pedhazur & Schmelkin, 1991). However, both notions define the multiplicative
association between independent or predictor variables as related to a dependent variable.

Statistically the calculations are identical, therefore researchers use interaction and
moderation terms interchangeably (Gardner et al., 2017). Furthermore, any variable could
be a moderator, whether measured independently or continuously. Identifying and
determining pertinent and significant interaction effects relating to relationships between
independent and dependent variables is central to theory in social science (Aiken et al.,
2003; Andersson et al., 2020). Interactions assist researchers with the capacity to enhance
their perspectives of socioeconomic relationships by discovering the circumstances under
which they apply (Andersson et al., 2020). Importantly, analysing interaction effects allow
the extension or expansion of common relationships to contexts which the primary
research may not have considered, as well as provide more precise predictions concerning

the relationships (Andersson et al., 2020).
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When a moderating effect is continuous, researchers generally rely on Moderated
Multiple Regression (MMR) (Aiken et al., 1991). Specifically in this study, when testing
the association between intelligence and judgement accuracy, this particular relationship is
dependent on one level of another variable (a specific personality trait). Interestingly,
Christiansen et al. (2005) illustrate that individuals’ conscientiousness and agreeableness
traits moderated the relationship between intelligence and acquaintance accuracy. More
specifically, their results indicate that in individuals who presented high levels of
conscientiousness and agreeableness, intelligence was found to be a more significant
predictor of accuracy when individuals expressed these traits (Christiansen et al., 2005).

Since the notion that performance on a specific task is considered an interactive
function of personality and competency (Maier, 1955), one could assume that the
association between ability and performance may be less strong when a specific
personality trait is not present. To understand this complex interaction between the
variables of interest, one could refer to the key judgement processes of RAM (Funder,
1995), namely cue detection and cue utilisation, as mentioned previously. The Good Judge
Model (De Kock et al., 2020) illustrates that the availability of contextual information
could impede or encourage cue detection and utilisation. Comprehending how situations
influence behavioural expressions is necessary for discovering the degree to which
behavioural information is pertinent to the target’s personality (Funder, 1995). It is
predicted that judges who are cue sensitive have the ability to detect both verbal and non-
verbal stimuli as soon as they happen (De Kock et al., 2020). Due to the limited amount of
research on how personality may moderate the relationship between GMA and rating
accuracy, future research should delve deeper into this topic. The empirical findings of
Christiansen et al. (2005) fail to explain why the moderation effect might have occurred,

which raises the question regarding the generalisability of the findings to new samples.

2.8.1 Agreeableness

Agreeableness is a broad personality trait, defined by cooperativeness, tolerance,
soft-heartedness, good-natured and friendliness (Barrick & Mount, 1991; Goldberg, 1999;
O’Connor & Athota, 2013). Some researchers have proposed agreeableness to be a
fundamental concept in the evaluation of individual differences when interviewing a
candidate (Witt et al., 2002). However, agreeableness appears to be the most pertinent to

employee performance in conditions in which collaboration and team work are needed. Job
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contexts which involve high levels of interpersonal interaction require more tolerance,
flexibility, friendliness and courteous behaviour. Thus, it is anticipated that agreeable
individuals tend to deal with conflict more cooperatively, seek common understanding and
maintain social relations (Digman, 1990).

Some researchers discovered that more agreeable individuals were more accurate
judges (Vogt & Colvin, 2003). However, literature relating to this topic has yielded mixed
results (Taft, 1955). Even though early research indicated a positive association between
interpersonal orientation and judgement accuracy, technical limitations render these results
inconclusive (Cronbach, 1955). Moreover, imperative support on the personality traits
related to judgement accuracy was provided by Davis and Kraus (1997). Their research
findings concluded that individuals who trust and are sociable provide more accurate
judgements compared to those less invested in building interpersonal relations. However,
one concern is that most of this research involved focusing on the accuracy of judgements
of emotions rather than of personality characteristics.

In contrast, certain findings indicate that individuals who are lower in sociability
and confidence are more accurate judges (Ambady et al., 1995). Interestingly, Christiansen
et al. (2005) found the association between agreeableness and accuracy to be more
abstruse. When the judge presented high levels of agreeableness, intelligence was a more
efficient predictor of accuracy. Similarly, another study analysing interaction effects
demonstrated a positive relationship between agreeableness and job performance among
those high in cognitive ability, but a negative association among those low in cognitive
ability (Hollenbeck et al., 1988).

Furthermore, it is proposed that performance on certain job activities is best when
people are driven to succeed on the job and demonstrate increased levels of pertinent
abilities (Wright et al., 1995). Recently, studies on intelligence and rating accuracy have
demonstrated that they may not be associated in a bivariate sense, but that their
relationship might be moderated by certain personality traits, accounting for the mixed
results. For example, intelligence might only matter for accuracy when the judge is
difficult or less sociable (low on agreeableness). A possible explanation for why
intelligence might only matter for difficult people could be due to the fact that individuals
who have the propensity toward being difficult are known to maintain greater levels of
intelligence (Baker & Bichsel, 2006). Because they present high cognitive abilities, they
are therefore able to develop impressions of others accurately through cue utilisation and

cue detection.
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Therefore, it is proposed that:
Hypothesis 1: The relationship between intelligence and rating accuracy is
moderated by agreeableness, such that it is stronger for judges high in agreeableness than

for judges low in agreeableness.

2.8.2 Openness to Experience

Openness to experience can be conceptualised as the propensity to get involved in
intellectual tasks, as well as a desire for novel ideas and experiences (Furnham et al.,
2007). Additionally, traits related to this dimension include being cultured, authentic and
broad-minded (Barrick & Mount, 1991). Furthermore, it also involves a cognitive
component, which specifies the way in which knowledge or information is processed and
organised (Zimprich et al., 2009). Individuals who demonstrate higher openness are
considered more inquisitive and often enjoy working with theoretical notions and beliefs
(Goldberg, 1992). Therefore, it is expected that judges high in openness are more likely to
actively construct mental depictions of individuals’ traits and actions and interpret cues
effectively (De Kock et al., 2020; Kruglanski & Ajzen, 1983). Generally, according to
literature, individuals who present higher levels of general intelligence and openness
tended to be more accurate judges (Christiansen et al., 2005).

Personality traits might be related to job performance; however, only for certain
jobs or criteria. One would expect openness to experience to be a significant predictor of a
specific performance criterion, such as training competency (Barrick & Mount, 1991). This
personality trait is anticipated to be related to training competency as it evaluates personal
attributes, such as broadmindedness, intelligence and inquisitiveness (Barrick & Mount,
1991), which are all characteristics associated with positive perceptions towards learning
experiences. Moreover, DeYoung et al. (2014) have proposed that openness to experience
is fundamentally related to general intelligence as they share very similar traits, therefore it
is expected that intelligence and judgement accuracy may be weaker when openness to
experience is absent. According to RAM (Funder, 1999), accuracy is an interactive
function of components such as the availability of utilisation of behavioural information.
Consequently, cognitive and personality differences in judges may influence different parts
of the framework which interact to determine accuracy. Christiansen et al. (2005) found
that judges with higher levels of openness to experience were no more accurate judges than

those who were lower on these traits. Because this study included police managers
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involved in a training programme, it may be interesting to investigate whether intelligence
mattered for accuracy when the judge was less curious or creative compared to when the
judge was more broad-minded and inquisitive.

Thus, it is proposed that:

Hypothesis 2: The relationship between intelligence and rating accuracy is
moderated by openness to experience such that it is stronger for judges high in openness to

experience than for judges low in openness to experience.

2.8.3 Conscientiousness

Conscientiousness is an individual difference construct, known as the tendency to
pursue socially prescribed norms for impulse control, to be goal-driven and dependable (Di
Domenico & Fournier, 2015). Conscientious employees tend to demonstrate more
discipline and ambition, whereas employees who present low levels of conscientiousness
tend to be deceptive, impetuous and disorganised (Byrne et al., 2005). Furthermore,
conscientious individuals are expected to perform successfully as they are more confident
in their skills and more persevering (Barrick & Mount, 1991). It is anticipated that in cue
detection, judges who are more conscientious are predicted to be more observant compared
to those who are less conscientious and demonstrate more consistency in cue utilisation
(De Kock et al., 2020). When a judge is highly conscientious, they are expected to have the
ability to effectively integrate and interpret cues due to their high cognitive abilities, as
they are able to recall and manipulate cues successfully.

Moreover, Bergold and Steinmayr’s (2018) findings illustrate that the personality
trait conscientiousness consistently interacted with intelligence when predicting academic
achievement. In accordance with previous research, their study also demonstrates that the
predictive value of intelligence is even higher when participants present higher scores on
conscientiousness (Bergold & Steinmayr, 2018; Ziegler et al., 2009). Additionally,
Christiansen et al. (2005) also found that interviewers’ conscientiousness moderated the
relationship between intelligence and acquaintance accuracy. Because conscientiousness is
expected to be associated with job performance due to its ability to evaluate personal
characteristics such as being dependable, responsible and persistent (Barrick & Mount,
1991), individuals with high conscientiousness might be more successful at judging others
as they are considered more detail-orientated and hardworking, which might enable them

to make use of their full cognitive abilities (Jensen & Patel, 2011).
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As a result, conscientious judges may be more successful at identifying important
priorities which may enhance organisational objectives. Therefore, it may be interesting to
investigate whether conscientiousness is a moderator between intelligence and rating
accuracy across different samples, and not only within an educational setting as most
previous studies have done. Additionally, it may also add to limited research on why
intelligence predicts or drives accuracy for hard-working, dependable individuals as
opposed to unreliable, lazy individuals.

Considering these arguments, it is proposed that:

Hypothesis 3: The relationship between intelligence and rating accuracy is
moderated by conscientiousness, such that it is stronger for judges high in

conscientiousness than for judges low in conscientiousness.

2.9  Summary and Conclusion

The literature review has provided a theoretical and practical context to the
moderating effects of personality on the relationship between judgement accuracy and
intelligence. Examining how personality could possibly moderate the effect of other
individual differences attributes on rating quality is still theoretically underdeveloped.
Therefore, the hypotheses put forward have been based on Christiansen et al.’s (2005)

study, as well as existing literature that have investigated related constructs.
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Chapter 3: Method

The following chapter describes the method followed to conduct the study. The
present study utilised secondary data from a study by De Kock et al. (2015). Firstly, the
research design will be discussed, followed by materials used in the original study.
Secondly, participants, as well as measures used in the secondary study, are explained.

Lastly, statistical procedures followed by data analysis are discussed in detail.

3.1  Research Design

This study implemented a quantitative research approach using a cross-sectional
design. This particular design allows researchers to establish both the risk factor and the
outcome simultaneously, also known as point-in time surveys (Omair, 2015). Furthermore,
the research study employed a secondary research design which is defined as research that
involves the use of pre-existing data (Trzesniewski et al., 2011). The dataset was
approximately 10 years old; however, it was still deemed acceptable for further
examination.

There are various benefits of adopting a secondary design. Firstly, the most
common advantage is that it is less time-consuming and more cost-effective, allowing
researchers to delve deeper into data analysis (Trzesniewski et al., 2011). Secondly, a
secondary analysis gives researchers the opportunity to obtain high quality data, due to the
fact that most of the primary data sets are well-funded projects with a large sample size
(Johnston, 2017). Thirdly, re-examining data and interpreting it from a new perspective
could perhaps yield new findings and add to the original study, creating a more in-depth
understanding (Johnston, 2017).

3.1.1 Research Design of Original Study by De Kock et al. (2015)

The original study employed a descriptive cross-sectional design (Babbie &
Mouton, 2006) which was followed by a correlational approach. Furthermore, this present
study was a reanalysis of an existing published study by De Kock et al. (2015), as a way to
constructively replicate the findings relating to moderator effects in Christiansen et al.
(2005). Data collection was completed in a single session at the end of 2011. After
highlighting that the research project was integrated with the interview training, the

researchers discussed the rating process and materials. The next step included the
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researchers presenting five video-recorded interview sections to the sample of participants
through the use of a projector (De Kock et al., 2015). The first video was a practice run,
followed by a brief overview discussing the ratings and final clarification of any concerns
or questions regarding the rating procedure (De Kock et al., 2015). The managers were
then required to rate the four remaining video segments and complete their interview rating
sheets independently. Lastly, they completed the individual difference measures such as
the Wonderlic Personnel Test (2002) and the International Personality Item Pool Big Five
factor markers (Goldberg, 1992), before being debriefed and thanked for their
participation. Because the study was comparable with Christiansen et al. (2005) in terms of
the design as well as choice of variables, and the requisite data for moderation analysis
were available, it lent itself to further study of the generalisability of the moderator effects

observed in Christiansen et al. (2005).

3.1.2 Materials

Development of interview videos and materials. In the original study, the
researchers used videotaped portions of interviewee performance as a catalyst, because it
allowed for the presentation of similar stimuli to all participants (De Kock et al., 2015).
This process involved researchers video-recording five graduate participants in an
interview setting which could essentially assist them with future job applications. The
interviews were semi-structured with a competency-based format.

Furthermore, the interview questions covered two distinct aspects, namely
communication and people management. These particular aspects were decided upon due
to their extensive use in employee interviews (De Kock et al., 2015; Huffcutt et al., 2001)
and were therefore deemed appropriate to the fabricated job position for which they were
applying. In addition to this, the researchers made use of eight questions rated on a 7-point
Likert scale, with 1 being a poor response to 7 being an excellent response (De Kock et al.,
2015). The real-life interviews that were recorded involved a professional interviewer
asking applicants to respond to the same set of questions in a logical order and the final

video segments were shortened to approximately 5 minutes each.

3.2  Participants

In the original study (De Kock et al., 2015), a non-probability purposive sampling

approach was employed as the sample was required to meet certain criteria. Police
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managers from an organisation in South Africa undergoing a 7- week managerial training
programme for promotional purposes were recruited as participants in the original study
(De Kock et al., 2015). Furthermore, to increase the external validity of the study, all
participants who were recruited were required to have prior (at least 5 years) comparable
work experience as managers.

There were a total of 146 managers in the sample (24.6% female, 75.4% male).
This was considered a strength of the original study, as most psychology research is
laboratory research involving university students, therefore one cannot be certain whether
these findings generalise to the field. Additionally, field studies like this are potentially
useful to help address the science-practice divide. The original sample consisted of 71.2%
Black African, 17.3% White, 9.4% mixed race, and 2.2% Asian participants (De Kock et
al., 2015). The average age of participants was 43.7 (SD = 5.36) years. A large proportion
of the sample was ranked as Captains (57, 6%) and the rest were ranked as either Warrant
Officers (35.3%) or Lieutenant (7.2%). Overall, the aforementioned officers represent the
most likely interviewers in common organisations as they fall between junior first-line
supervisors and senior management (De Kock et al., 2015). In the original study, missing
data were deleted pairwise to maximise the available data for analyses; there was no
discernible pattern in the missingness. In terms of academic qualifications, some
participants had post-secondary school certificates (37.9%) and the rest had only a senior
secondary school certificate (62.1 %). Furthermore, English was the most commonly
spoken work language in the participating company. More information about the study
design and sample can be found in the published paper by De Kock et al. (2015).

3.3 Measures

The following section discusses the specific measures used in this study. Responses
from three measures were extracted from the primary dataset. For more information on

demographic items, one could refer to the original paper by De Kock et al. (2015).

3.3.1 Accuracy Criterion Measure

In the original study, accuracy scores operated as the dependent variable.
Moreover, this study calculated an accuracy score known as the Borman Differential
Accuracy (DA) score (Sulsky & Balzer, 1988). The score was calculated within-personal

profile correlations at the dimensional level, using an r-to-Fisher’s-z transformation (De
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Kock et al., 2015). Additionally, Borman’s (1979) DA index is generated by correlating a
rater’s ratings for each dimension with corresponding true scores across ratees, producing a
DA score for each dimension (Sulsky & Balzer, 1988). The distinction between
Cronbach’s DA Score and Borman’s DA measure is that Borman’s DA yields only
correlation information without taking into account the actual differences between subject
ratings and true scores (Sulsky & Balzer, 1988). Furthermore, it is important to note that
Borman’s DA has been referred to as correlational accuracy, and should avoid being
muddled with the correlational component of Cronbach’s DA (Sulsky & Balzer, 1988).
Consequently, because Borman’s (1979) DA only provides correlational information, it is
best to consider it an index of rater validity (Sulsky & Balzer, 1988). This particular
measure was selected as it provides crucial preliminary information for accuracy. In
addition, this method evaluates the similarity between the entire set of judgements made by
a judge and the target (De Kock et al., 2015). In this study, the judgements are the
interview competency judgements of the raters in the study of video targets responding to

interview questions.

3.3.2 Predictor Measures
3.3.2.1 General Cognitive Ability

To test for GMA, the Wonderlic Personnel Test (2002) was used. All participants
were required to complete this test, which was revised at the start of the testing session.
The Wonderlic Personnel Test is a 50-item timed test (approximately 12 minutes),
including items such as word comparisons, disarranged sentences, number comparisons,
analysis of geometric figures and problems requiring mathematical and logical solutions
(De Kock et al., 2015). For example, spatial reasoning questions are used to assess logical
thinking, and participants are asked to apply their critical reasoning skills in this section of
the questionnaire. Speed questions involve participants engaging quickly in questions
which are thrown at them, and questions could be as simple as “what is not a fruit in this
list of items?”’; the participant would then have to choose from a list of five possibilities.
The Wonderlic Personnel Test demonstrates good predictive validities for a broad range of
criteria (Wonderlic, 1998) and reliability estimates’ commonly vary between .82 and .95

(Wonderlic, 2002). Generally, across various samples, reliability coefficients for the

! The original study calculated internal consistency reliability of the Wonderlic measure as .75, but
acknowledged that it is not appropriate for speeded measures (Nunnally & Bernstein, 1994).
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Wonderlic Personnel Test are frequently high, for example in a study by Rosopa and
Schroeder (2009), test-retest reliability coefficients were above.82 and internal consistency

estimates above .88.

3.3.2.2 Personality

Congruent to the original study by De Kock et al. (2015), to measure the
personality of participants, this study also made used of the 20-item short version of the
International Personality Item Pool Big Five factor markers (Goldberg, 1992) (see
Appendix A). This process involved participants assessing how each item in the scale
explained itself on a 5-point Likert scale, from very inaccurate to very accurate (Goldberg,
1992). According to De Kock et al. (2015), the mean inter-item correlations for each scale
were similar to those in earlier published research studies (Donnellan et al., 2006).
Cronbach alpha reliability estimates in a previous South African study presented
acceptable reliability coefficients, such as .88 for conscientiousness, .85 for openness to
experience, and .81 for agreeableness (Morgan & De Bruin, 2010). Additionally, these
reliability estimates compare well with those presented by Taylor and De Bruin (2006), as

well as Khorramdel and VVon Davier (2014), with estimates from .77 to .86.

34 Statistical Procedures

There are particular processes that are the “gold standard” for conducting
secondary research. Importantly, the research method comprises how the researcher
collects, analyses and interprets the data (Creswell, 2009; Johnston, 2017). Secondary
analysis is a systematic technique with substantive and evaluative steps; however, there is
limited literature that defines a specific method, thus Johnston (2017) has suggested a
process that begins with the construction of the research question, the identification of a
relevant data set, followed by elaborate evaluation of the data set.

The first step is that researchers should choose an existing dataset, which is
congruent with their research question (Greenhoot & Dowsett, 2012). Finding an existing
dataset that contains similar constructs of interest is not always easy. The main aim of this
study was to investigate the moderating effects of personality on intelligence and rating
accuracy. The research question that directed this study was: Do rater-personality traits
moderate the effect of the relationship between intelligence and rating accuracy? Most

research has investigated the direct effects of personality on rating accuracy and
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intelligence; however, De Kock et al. (2020) recommend further research to investigate the
moderating effects that personality may have on intelligence and rating accuracy.
Consequently, because there was previously collected data on this specific topic, it was
deemed appropriate to use De Kock et al.’s (2015) dataset as it contained similar constructs
addressing the research question of this study. Once the Commerce Department of the
University of Cape Town approved the approach, ethical clearance was provided to
conduct the secondary analysis. Access to the dataset was provided by the original authors
in SPSS format.

The next phase involved the evaluation of the dataset to confirm its appropriateness
for the research topic (Johnston, 2017). Once an appropriate dataset is selected, the
researcher should spend extensive time familiarising themselves with the dataset by
analysing the codebooks or other relevant documents relating to sampling design and
processes (Greenhoot & Dowsett, 2012). Additionally, during the preparation phase of the
dataset for analysis and interpretation, it is necessary for the researcher to have a carefully
thought-out theoretical framework or model along with an explicit idea of the different
types of variables required to test the framework (Greenhoot & Dowsett, 2012). In this
study, before using the secondary dataset, a conceptual framework was developed
involving three key variables, i.e. rater-personality traits, intelligence, and rating accuracy,
to test the model. Once the variables were identified, the relevant dataset was provided for
secondary analysis. The original data set by De Kock et al. (2015) consisted of five
measures, data which were not relevant to this study were deleted, i.e. the study only made
use of agreeableness, conscientiousness and intellectance subscales from the Big-Fiver
Personality traits, Borman Differential Accuracy Scale for rating accuracy and, lastly,
GMA Scale from the secondary dataset. Furthermore, intellectance was relabelled as
openness to experience. Once the data were examined and relevant adjustments were
made, the dataset was stored in a secure folder which only the researchers had access to,
ensuring protection and security of the dataset.

35 Data Analysis

To analyse the secondary data, the Statistical Package for Social Scientists (SPSS)
version 23 was used. Descriptive statistics were calculated to determine the characteristics
of the sample group, such as means, standard deviations and frequencies (Field, 2018). A

bivariate correlation analysis was performed using Pearson product moment correlation
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coefficients (Cohen, 1988). Lastly, a moderated multiple regression was used to test the
moderator hypotheses.

3.5.1 Moderation Analysis

Moderation analysis is utilised when a researcher is particularly fascinated by
examining whether the magnitude of a variable’s effect on an outcome variable of interest
is dependent on a third variable (Hayes, 2012). Importantly, moderation effect is also
commonly referred to as interaction (Hayes & Rockwood, 2017), for example if X’s effect
on Y is moderated by Z, then X and Z interact (see Figure 2). Moreover, any variable could
be a moderator, whether measured independently or continuously.

Figure 2
Simple Moderation Model

3.5.2 Moderated Multiple Regression (MMR)

Importantly, when a moderating effect is continuous, researchers generally rely on
MMR (Aiken et al., 1991). MMR appears to be the most common statistical tool of choice
for estimating moderating effects within organisational sciences (Aguinis & Gottfredson,
2010). Furthermore, MMR involves developing a regression model that predicts the
outcome based on a predictor X, a second predictor Z hypothesised to be a moderator, and
the product term between X and Z, which carries information on the moderating effect of Z
on the X-Y relationship (Aguinis et al., 2017). The regression coefficient for the product
term XZ from which X and Z have been partialed out represents information on the
presence and magnitude of the moderating effect (Aguinis et al., 2017). MMR analysis
provides researchers with vital information which is not provided by tests of the equality of

correlation coefficients (Aguinis, 2004).
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3.5.3 Best Practices for MMR

Due to the fact that MMR is known to lack statistical power, it is crucial to consider
design, instrument and analysis concerns in order to enhance the likelihood that existing
moderators will be discovered if they do exist (Aguinis & Gottfredson, 2010). Therefore,
this study followed best practising guidelines outlined by Aguinis and Gottfredson (2010)
for estimating the moderating effects using MMR. Firstly, before collecting data, it is
recommended that researchers develop a rationale for why they assume a moderating effect
should exist. Moreover, they should also consider design features such as the sample size
and reliability of variables (Aguinis & Gottfredson, 2010).

Based on sample size, because the moderator variables in this study where
continuous sample size becomes a concern, the smaller the sample size, the weaker the
power (Aguinis & Gottfredson, 2010). However, the sample size of this study was deemed
acceptable based on the normative sample size guidelines by Aguinis and Gottfredson
(2010). A sample size of 146 participants with a three-predictor variable equation was used
for each test. Furthermore, regarding reliability issues, statistical power is enhanced when
the reliability of measures (or variables) is improved (Aguinis & Gottfredson, 2010).

The variables in this study presented appropriate construct reliability for all
measures. Secondly, another instrumental concern to account for is scale coarseness
(Aguinis, Pierce et al., 2009). A scale is considered coarse when a variable is continuous
and measured using items where different true scores are disintegrated into the same group
or category (Aguinis & Gottfredson, 2010). In the present study scale coarseness was
minimised, as continuous scales were used to measure continuous variables, enhancing
statistical power.

Post-data collection best practices include, avoiding the dichotomisation of
continuous variables (Aguinis & Gottfredson, 2010), and this was avoided in the present
study. Additionally, when dealing with interaction terms, mean-centring of predictor scores
was required, and continuous variables were mean-centred in this study. This was relevant
as mean-centring achieves the objective of making the interpretation of the first-order
coefficients meaningful by the technique of re-scaling (Aguinis & Gottfredson, 2010). It is
also recommended that researchers create graphs to demonstrate the nature of the
moderation effect. A simple slope analysis was created in this study to visualise interaction

effects and to provide a more robust understanding of the moderating effects.
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3.6  Additional Analyses

A power analysis was conducted as MMR is known to suffer from low statistical
power (Aguinis et al., 2001). One concern raised was that several studies using MMR
lacked sufficient power to detect the interaction effects (Memon et al., 2019). Power refers
to the possibility of obtaining a statistically significant outcome (Cohen, 1988). The
common convention is that power of a statistical test is required to be above .80 (Cohen,
1988; Goodhue et al., 2007). Consequently, it is recommended that researchers compute a
power analysis in their studies when using MMR to dismiss the idea that their analysis is
underpowered (Memon et al., 2019). Low statistical power means that researchers may
conclude that no significant interaction effect is present, when in fact there is one.
Therefore, it was deemed appropriate to perform a statistical power analysis to investigate

whether no statistically significant interaction may be due to a lack of statistical power.

3.6.1 Earlier Approaches to Estimating Interaction Effects

Based on earlier approaches to testing moderation effects, Baron and Kenny (1986)
highlight the importance of adopting an appropriate analytical technique for assessing
moderation and considered four distinct cases. This approach to testing moderation
hypothesis is known as the causal steps approach (Baron & Kenny, 1986). Even though
this approach has been used by many researchers, it has been criticised on various grounds.
Firstly, it is known to have low statistical power (Hayes, 2009). Secondly, their approach
produces no test that the indirect effect (moderation) has occurred (Hayes, 2009). Instead,
an indirect effect is implied logically by the results of hypothesis tests. Moreover, the
Baron and Kenny (1986) approach is centred on testing null hypotheses, in line with
techniques established during a period when the fundamental emphasis of statistical test
was significance testing of null hypotheses (Chmura Kraemer et al., 2008).

Modern statistical tests currently place importance on meaningful effect sizes.
Using PROCESS (Hayes, 2012), an extension for SPSS, allows researchers to generate an
output for the indirect effect, including effect sizes as well as confidence intervals.
Although Baron and Kenny (1986) encourage using the Sobel test to estimate indirect
effects, they failed to explicitly emphasise it as part of their technique, and as a result it has
often been overlooked by some researchers (Hayes, 2009). The Sobel test is an inferential

method which uses a specialised t-test to establish a moderating effect (Chmura Kraemer et



37

al., 2008). Furthermore, because the Sobel test lacks statistical power and relies on normal
sampling distributions, Hayes (2012) suggests the utilisation of bootstrapping approaches
to estimate indirect effects which are accessible via PROCESS. Bootstrapping is
considered a form of robust statistic which prompts how a study would be replicated by
resampling from a population (LaFlair et al., 2015), which does not suffer from the

aforementioned limitations.

3.7 PROCESS

The following section will discuss PROCESS macro constructed by Hayes (2012),
which was used to examine the moderating effect of personality on the relationship
between intelligence and rating accuracy. PROCESS is a computation tool for SPSS which
implements moderation or mediation analysis (Hayes, 2012). Importantly, it covers several
of the analytical concerns researchers interested in conducting moderation or mediation
analysis commonly confront (Hayes, 2012).

Based on the researcher’s theoretical framework and statistical diagrams that define
each regression model, the researcher inserts each model that they want to estimate into
PROCESS. For example, each variable serves a distinct role in the model (e.g. independent
variable, dependent variable and moderator) and PROCESS evaluates all the path
coefficients, standard errors, t- and p-values, confidence intervals and numerous other
statistics (Hayes & Rockwood, 2017). Moreover, PROCESS makes use of ordinary least
squares regression to estimate the parameters of each of the equations, a popular practice in
observed variable path analysis (Hayes & Rockwood, 2017).

Using this technigue may be the most efficient option as PROCESS integrates
many of the functions of commonly used tools or programs such as SOBEL, RSQUARE
and MBESS into one user-friendly method (Hayes, 2012). Furthermore, it also eliminates
researchers having to educate themselves on various tools which perform only one
specialised task. Statistical researchers might find PROCESS a valuable teaching tool,
making it both convenient and easy to illustrate traditional and modern techniques to
moderation and mediation analysis.

Moreover, inferences about moderation analysis statistics are based on
bootstrapping techniques; because many of these statistics have irregular sampling
distributions, using ordinary methods is perceived as more challenging (Hayes, 2012;
Hayes & Rockwood, 2017). However, PROCESS may not be able to do everything a
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researcher might want to do. In certain instances, a structural equation-modelling program
might be a better option to address a specific analytical problem (Hayes, 2012). In
addition, using any structural equation-modelling program requires more coding as well as
the competency to write that code, whereas PROCESS generates those statistics
automatically. PROCESS was therefore considered the most effective approach as it
generates output that would otherwise require great effort and programming skills to

implement.
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Chapter 4: Results

This chapter reports the results of analyses of secondary data from a prior study (De
Kock et al., 2015). The data analytic strategy was guided by statistical good practice
guidelines (Greenhoot & Dowsett, 2012) for secondary data analysis. Statistical analyses in
this study included descriptive statistics, correlations, multiple regression, and MMR
analyses (for moderator analysis). Statistical analyses were conducted with SPSS version
24 (Field, 2018). Moderator analysis was done using the PROCESS macro (Hayes, 2012)
in SPSS. Following a discussion of the assumptions, the results of the statistical tests for
each hypothesis are discussed.

4.1  Data Preparation

Prior to the statistical analyses, data preparation and cleaning were conducted. The
original data set by De Kock et al. (2015) consisted of a broader set of variables than those
relevant to this study. As such, after deleting irrelevant study variables, the data frame for
this study consisted of measures of the independent (predictor) variables, namely
personality traits (including agreeableness, conscientiousness and intellectance subscales,
all from the Big-Five Personality framework), the intelligence measure, and demographic
variables. The data frame also included the dependent variable measure of rating accuracy
(Borman Differential Accuracy Scale). It is recommended that researchers avoid the urge
to include non-focal variables into the analysis, searching for interesting correlations which
are not theoretically driven, as this approach may increase the possibility of a Type 1 error
(Greenhoot & Dowsett, 2012). Following a preliminary scanning of the data and relevant
adjustments required specifying variable names and properties, descriptive statistics were
inspected in order to ensure that all values fell within-range and no coding errors were
evident. Given that validity and reliability analyses relevant to the study measures are
reported in the original study (De Kock et al., 2015), these are not repeated here.

4.2  Testing Assumptions: Multiple Regression Analysis

Most statistical analyses rely upon specific assumptions concerning the variables
used in the analysis (Field, 2018). Various statistical assumptions are required to be met in
order for the data to be considered appropriate for a multiple regression analysis — the

statistical analyses relied upon to test the main hypotheses in the present study.
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Furthermore, it is important to test whether these assumptions are being met as results may
be unreliable or untrustworthy, resulting in a Type 1 or Type 2 error, or over- or under-
estimation of significance or effect sizes (Osborne & Waters, 2002). MMR follows the
same set of assumptions as a multiple regression analysis as moderation is considered a
particular type of regression analysis (Hayes, 2012).

However, because the independent variables in this study were continuous, mean
centring was required. According to Field (2018), when one includes an interaction term in
a model, if the independent variables are continuous, they must be centred. Three multiple
regression models were then tested, where each model consisted of intelligence, one
personality trait, as well as the interaction effect between the two (intelligence and one
personality trait) as predictor variables, and rating accuracy as the dependent variable.

The first assumption for multiple regression involves the sample size. Greene and
d'Oliveira (2005, as cited in Tabachnick & Fidell, 2007) propose a rule-of-thumb formula
as a benchmark to determine the appropriateness of the sample size: N > 50 + 8m (where m
= the number of independent variables). The regression analysis in this study consisted of a
maximum number of six independent variables, which would require a minimum sample
size of 98 respondents; this study had a total number of 146 participants, therefore this
assumption has been met. Secondly, for the assumption of multicollinearity, the tolerance
values were used. All tolerance values were above the minimum benchmark of .10 for all
three models (the smallest value was .909 and the highest .995).

All continuous variables were centred to address the issue of multicollinearity
(Field, 2018). Furthermore, outliers were tested, defined as a data point with standardised
residual values above 3.3 or less than -3.3 (Tabachnick & Fidell, 2007). Standardised
residuals all fell within the accepted range. The minimum standardised residual value out
of the three models was -2.47 and the maximum was 2.64. Lastly, normality, linearity and
homoscedasticity were tested by visual inspection of the Normal Probability Plot (P-P) of
the regression standardised residual (refer to Figure 3). Moreover, this assumption is
important as Non-normally distributed variables (e.g. highly skewed variables or
substantial outliers) may distort relationships as well as significance tests (Osborne &
Waters, 2002). The closer the dots lie towards the diagonal line, the closer to normal the
residuals are distributed (Field, 2018). All assumptions were met for all three models and
therefore data were considered appropriate for MMR analysis. Various assumptions for

MMR were tested before performing the analysis, and all were met.



Figure 3

Normal Probability Plot (P-P) of the Regression Standardised Residuals of the Three
Regression Models

Normal P-P Plot of Regression Standardized Residual between General mental ability and Openness to experience
Dependent Variable: Rating accuracy (Borman DA)

10
)
08
=
e
Fg 06
o
~
@
° e
§ 04
=]
02
00
00 02 04 06 08 10
Observed Cum Prob

Normal P-P Plot of Regression Standardized Residual between General mental ability and Concientiousness
. DDependent Variable: Rating accuracy (Borman DA)

0s

0

04 /

Expected Cum FProb
o\’

0z

Observed Cum Proh

41



42

Figure 3 (continued)

Normal Probability Plot (P-P) of the regression standardised residuals of the three
regression models (continued)

Normal P-P Plot of Regression Standardized Residual between General mental ability and Agreeableness
Dependent Variable: Rating accuracy (Borman DA)
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4.3 Skewness and Kurtosis

Skewness of the dataset can be referred to as the symmetry of the distribution; the
degree to which the distribution is skewed to have either too many high scores or too many
low scores within a distribution (Field, 2018). Moreover, kurtosis provides information
concerning the “peakedness” of the distribution (Pallant, 2011). The further the kurtosis
and skewness values are from zero, the greater the possibility that the dataset is not
normally distributed (Pallant, 2011). Even though several statistical analyses are
formulated on the assumption of normal distribution of data, in the field of social sciences
research, it is accepted that this assumption is not always met (Egboro, 2015).
Additionally, many of the parametric tests in SPSS are robust and may still be useful when
this assumption of normality is not being strictly met (Egboro, 2015). The GMA scale
skewness value was above .5, suggesting a moderate positive skewness. Kurtosis value for
this scale was above zero, suggesting that the data was leptokuric (Field, 2018). For the
personality measure, the overall skewness values for all three factor markers were below.5,

suggesting a moderate negative skewness, in other words, managers scored relatively high
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on the personality scale. Additionally, the kurtosis values for all three variables were less
than zero, indicating that the data were platykuric (Field, 2018). For the Borman’s DA
accuracy measure, the skewness value was above -.5, indicating a moderate negative
skewness, i.e. participants generally scored high on the accuracy scale. Furthermore, the
kurtosis value was slightly above zero, demonstrating that the data is somewhat leptokuric
(Field, 2018).

4.4  Descriptive Statistics

Table 1 reports the descriptive statistics. The table reflects the means, standard

deviations, skewness and kurtosis, and intercorrelation of the study variables



Table 1

Descriptive Statistics and Correlations for Study Variables

Variable M SD Skewness Kurtosis 1 2 3 4 5 5 7 8
1. GMA 12.42 4.40 63 72 -

2. Agreeableness 13.03 4.37 .02 -84 287 —

3. Conscientious 14.02 4.07 -.04 -.83 16 407 —

4. OTE 12.76 4.15 -.08 -.69 11 407 54T —

5. DA? 985 649 -.30 46 200 15 13 .04 —

6. GMA x Agree 5.82 17.96 32 1.82 .05 -.05 .09 -15 -19* —

7. GMA x Consc 3.20 17.54 23 2.45 -.06 10 14 -.02 S11 48%

8. GMA x OTE 2.48 18.12 24 4.25 2.2%  -13 -.02 .03 -20%  23* 30%*

Note. Ns range from 113 to 146; M = mean; SD = standard deviation; Conscientious = conscientiousness; GMA= General Mental Ability; OTE= openness to experience;
DA= Differential Accuracy; GMA x Agree = interaction term for GMA and agreeableness; GMA x Consc = interaction term for GMA and conscientiousness; GMA X
OTE = interaction term for GMA and openness to experience.

? Differential Accuracy = Borman DA scores are Fisher transformed (r to z) profile correlations between participants’ ratings and true scores at dimension level.
“p <.05. 7p <.001 (two-tailed).
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For the GMA measure, the mean score was M =12.42 (SD = 4.40) (refer to Table
1), with a minimum value of 2 and the maximum was 28. Overall, similarly to the original
study by De Kock et al. (2015), the GMA scores of managers within the sample were
somewhat lower than those published in previous research studies using university students
as samples. For the personality measure, agreeableness scores ranged from 4 to 20, with a
mean for this subscale of M =13.03 (SD = 4.37). For conscientiousness, scores ranged from
6 to 20, the mean score for this subscale was M = 14.02 (SD = 4.07). Intellectance scores
ranged from 4 to 20, the mean score for this subscale was M = 12.76 (SD = 4.15). For the
Borman’s DA accuracy measure, participants scores ranged from -.81 to 2.72, with a mean
score of .985 (SD = .649). Participants generally scored moderately high on this scale,
demonstrating high levels of accuracy. A high score on this scale indicates greater
accuracy levels (Borman, 1979; Powell & Goffin, 2009).

45  Correlation Analysis

A bivariate correlation analysis was performed using Pearson product moment
correlation coefficients. Table 1 illustrates the correlation coefficients. Furthermore,
Cohen’s (1988) recommendations for interpreting the strength of the correlation
coefficients were used as a guideline. Correlations close to .1 are considered small (weak),
.3 as medium (moderate) and .5 as large (strong) (Cohen, 1988).

A significant, moderate effect was found between GMA and agreeableness (r = .28,
p <.001, N =113), which is consistent with prior research (Christiansen et al., 2005). A
significant, weak to moderate positive effect was found between GMA and rating accuracy
(r =.20, p <.05, N = 141). Furthermore, the strength, direction and significance of the
relationship were the same between agreeableness and openness to experience and
agreeableness and conscientiousness (r = .40, p <.001, N = 113). Additionally, a
significant, strong positive relationship was found between openness to experience and
conscientiousness (r = .54, p <.001, N = 116).

A significant weak negative effect was also found between Borman’s DA and the
interaction term GMA and agreeableness (r =-.19, p <.05, N = 109), as well as the
interaction term GMA and intellectance (r = -.20, p < .05, N = 112). A significant weak
effect was discovered between the interaction term GMA and agreeableness and the
interaction term GMA and intellectance (r =-.23, p < .05, N = 113). A significant strong

effect was found between the interaction term GMA and agreeableness and the interaction
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term GMA and conscientiousness (r = .48, p <.001, N = 116). Additionally, a significant
moderate positive effect was found between the interaction term GMA and
conscientiousness, and GMA and intellectance (r = .30, p <.001, N = 116).

Since the data generally satisfied the relevant statistical assumptions (Tabachnick &
Fidell, 2013), it was deemed acceptable to run multiple regression analysis. MMR was
used for this research study as it seeks to examine an interaction effect, in this case whether
the effect of intelligence (X) on rating accuracy () is moderated by rater personality traits
(2). The analysis was conducted using the guidelines of Aguinis and Gottfredson (2010)
for estimating and interpreting interaction effects. In particular, the analytical strategy
relied on the following: First, implementing adequate design and measurement features, for
example total sample size and making use of relevant computer programs for continuous
moderators. Design choices and practical constraints in terms of statistical power analysis
outcomes were considered (Aguinis & Gottfredson, 2010). Additionally, scale coarseness
was minimised by using reliable scales (Aguinis, Pierce et al., 2009). Secondly,
dichotomisation of variables was avoided and all continuous variables were mean-centred
(Aguinis & Gottfredson, 2010). Thirdly, graphs were created to visualise interaction effects
(Hayes, 2012), as well as estimation of effect sizes and practical significance.

Field (2018) recommends the use of the PROCESS macro for running moderation
analysis (Hayes, 2012). As such, the PROCESS script was added as an extension to SPSS
and used to conduct the moderation analysis. All analyses were run at a 95% level of
confidence and 5000 bootstrap samples were used to estimate the moderation effect. When
running the analysis, it was not necessary to centre the variables or calculate the interaction
as PROCESS conducts this automatically (Field, 2018). The Johnson-Neyman (1936)
method was used in PROCESS to investigate the significance of the interaction effects.
Essentially, this technique involves analysing how the relationship between the predictor

variable and outcome changes at various different values of the moderator (Field, 2018).

4.5.1 Tests of Hypotheses: Moderator Effects

Agreeableness. Hypothesis 1 stated that the relationship between intelligence and
rating accuracy is moderated by agreeableness, such that it is stronger for judges high in
agreeableness than for judges low in agreeableness.

To test this hypothesis, a model was specified with rating accuracy as the Y-

variable; intelligence as the X-variable, and agreeableness as the moderator variable.
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According to the moderation analysis, the moderation effect appears to be significant, b = -
.007, 95% CI [-.014, -.000], t = -2.113, p = .037, indicating that the relationship between
intelligence and rating accuracy is moderated by agreeableness (refer to Table 2). When
agreeableness traits are low, there is a significant positive relationship between rating
accuracy and intelligence, b =.065, 95% CI [.025, .106], t = 3.194, p = .002. Furthermore,
at the mean value of agreeableness traits, there is a significant positive relationship
between rating accuracy and intelligence, b =.035, 95% CI [.008, .062], t = 2.584, p = .011.
When agreeableness traits are high, there is a non-significant positive relationship between
rating accuracy and intelligence, b =.005, 95% CI [-.033, .042], t =.246, p = .806.
Importantly, these results indicate that the relationship between intelligence and rating
accuracy only really emerges in judges with average or lower levels of agreeableness. In
addition, the small to medium effect size (Cohen’s f °=.13) that we observed, supports

Hypothesis 1.

Table 2
Moderator Test Results: Agreeableness as a Moderator of Effect between General Mental

Ability and Accuracy

Predictors b [95% ClI] SE B t p
Constant 1.025[.903; 1.149] .062 16.589 .000
General Mental Ability (Centred) .035 [.008; .062] 014 2.584 011
Agreeableness (Centred) .009 [-.019; .038] 014 637 525
General Mental Ability x -.007 [-.014;.-.000] .003 -2.114 .037
Agreeableness

Note. R°= .11

4.5.2 Simple Slope Analysis: Agreeableness

To interpret the moderation effect visually, one could examine the simple slopes
(Field, 2018). The simple slope can be defined as the slope of the regression of Y on X at
(conditional on) a single value of Z (Aiken et al., 1991). Importantly, the simple slope
combines the regression coefficient of Y on X with the interaction coefficient (Aiken et al.,

1991). Moreover, if the interaction is significant, this means that a moderation is present
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(Field, 2018). If a moderating effect is present, one could follow up the analysis by using
the simple slopes analysis, which examines the relationship between the predictor and the
outcome at low, mean, and high levels of the moderator variable (Field, 2018). PROCESS
uses 1 standard deviation above and below the mean value of the moderator (Field, 2018).
The simple slope was generated practically using SPSS. Because the interaction variables
were continuous, the variables had to be transformed using the Rank Cases function, in
order to split the data into two groups. One could split the data into three or four groups;
however, using two groups results in fewer complications (Field, 2018). The numbers in
the key of the graph represent the relationship between the predictor and the outcome at
low, mean, and high levels of the moderator variable.

The simple slope analysis (refer to Figure 4) illustrates that there is a significant
strong positive relationship when agreeableness traits are low; at the mean level of
agreeableness (red line), there is a significant a positive relationship between intelligence
and rating accuracy, however, this relationship becomes non-significant and less positive at
high levels of agreeableness (green line). Moreover, the fact that the lines cross indicates a

significant interaction effect (Field, 2018).

Figure 4
Simple Slope Equations of the Regression of Intelligence on Rating Accuracy at Three

Levels of Agreeableness
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Moderation effect of openness to experience. Hypothesis 2 stated that the

relationship between intelligence and rating accuracy is moderated by openness to
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experience, such that it is stronger for judges high in openness than for judges low in
openness.

The results illustrated that moderation presents a non-significant interaction effect,
b=-.005, 95% CI [-.012; .001], t = -1.624, p = .107, indicating that the relationship
between intelligence and rating accuracy is not moderated by openness to experience. The
interaction term for openness to experience explained only 2.2% of the variance in
judgement accuracy after accounting for the main effects. Moreover, although statistically
non-significant, based on Cohen’s (1988) effect size conventions (.02 = small; .15 =
medium:; .35 = large), a small to medium effect size (Cohen’s f > = .10) was observed. As
such, no support for Hypothesis 2 was found. Table 3 reports the results of the MMR

analysis for the model.

Table 3
Moderator Test Results: Openness to Experience as a Moderator of Effect between
General Mental Ability and Accuracy

Predictors b [95% CI] SEB t p
Constant 1.001[.884;1.118] .059 16.967 .000
General Mental Ability (Centred) .033 [.006; .058] 013 2444 016
Openness to experience (Centred) .002 [-.018; .157] 014 125 901
General Mental Ability x Openness to -.005[-.012; -.001] .003 -1.624 .107
experience

Note. R* =.09

To establish whether the direction of the interactions was consistent with the
hypothesis, the simple slope analysis was used. Furthermore, the slopes (see Figure 5)
indicate that when openness to experience is low (blue line), there is a non-significant
positive relationship between intelligence and rating accuracy; at the mean level of
openness to experience (red line), there is a strong positive relationship between
intelligence and rating accuracy, however, this relationship gets weaker at high levels of
openness to experience (green line). Additionally, the fact that the lines cross indicates a

possible interaction effect (moderation) (Field, 2018). However, these results should be
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interpreted in conjunction with the statistical test for moderation, which showed that the
effect was not statistically significant.

Figure 5
Simple Slope Equations of the Regression of Intelligence on Rating Accuracy at Three
Levels of Openness to Experience
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Moderation effect of conscientiousness. Hypothesis 3 stated that the relationship
between intelligence and rating accuracy is moderated by conscientiousness, such that it is
stronger for judges high in conscientiousness than for judges low in conscientiousness.

Results from the moderated multiple regression analysis (refer to Table 4) illustrate
that moderation is shown up by a significant interaction effect; however, in this case the
interaction is non-significant, b = -.004, 95% CI [-.011; .003], t =-1.188, p = .237,
indicating that the relationship between intelligence and rating accuracy is not moderated
by conscientiousness. The interaction term for conscientiousness explained only 1% of the
variance in judgement accuracy after accounting for the main effects. Additionally, the

small to medium effect size (Cohen’s f 2 =.11) observed does not support Hypothesis 3.
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Table 4
Moderator Test Results: Conscientiousness as a Moderator of Effect between General
Mental Ability and Accuracy

Predictors b [95% ClI] SE B t p

Constant 1.001[.883;1.118]  .059 16.810 .000

General Mental Ability (Centred) .034 [.008; .060] 013 2.590 011

Conscientiousness (Centred) .015 [-.014; .044] 015 1.042 299
General Mental Ability x -.004 [-.011; -.003]  .003 -1.188 237
Conscientiousness

Note. R* = .09

From the simple slope analysis (Figure 6), it is evident that when conscientiousness
traits are low (blue line), there is a non-significant positive relationship between
intelligence and rating accuracy; at the mean level of conscientiousness (red line), there is
a positive relationship between intelligence and rating accuracy; however, this relationship
becomes less positive and weaker at high levels of conscientiousness (green line).
Additionally, the crossing of lines indicates a significant interaction effect (moderation)
(Field, 2018).

Figure 6
Simple Slope Equations of the Regression of Intelligence on Rating Accuracy at Three
Levels of Conscientiousness
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4.6  Summary of Moderation Results

The findings of this study reported that rater-personality traits generally do not
seem to act as moderators, but they may for more isolated traits. Agreeableness was the
only trait out of the three personality traits analysed which was found to be a significant
moderator of the relationship between intelligence and rating accuracy, with a small to

moderate effect size.

4.7  Further Analyses

Statistical power. Research has demonstrated that several interaction effects
hypothesised on the basis of strong theoretical frameworks are generally small, non-
significant or not easily replicated (Marsh et al., 2013). Part of this concern may be due to
the fact that tests of interaction effects commonly lack power so that meaningfully large
interaction effects are not statistically significant (Marsh et al., 2013). Therefore, an
additional analysis was performed to test the power of the interaction effects in this study
for the first two regression models. These two models were chosen as their results
indicated a non-significant interaction effect; it is therefore necessary to further investigate
whether this may be due to a lack of statistical power.

Power refers to the possibility of obtaining a statistically significant outcome
(Cohen, 1988). A post hoc power analysis was performed using GPower (Faul et al.,
2009). A sample size of 146 participants with a three-predictor variable equation was used
for each test. The recommended effect sizes used for this analysis were: small (f 2 = .02),
medium (f > = .15), and large (f 2 = .35) (Cohen, 1988). Additionally, the alpha level used
for this analysis was p = .05. The first regression model which examined whether openness
to experience moderated the relationship between intelligence and rating accuracy,
demonstrated an acceptable power value of .93 (Faul et al., 2009), indicating that there is a
93% chance of rejecting the null hypothesis with an effect size of f 2 =.10. The second
regression model which examined whether conscientiousness moderated the relationship
between intelligence and rating accuracy, also demonstrated an acceptable power of .93,
with a small to medium effect size of f 2 =.10, indicating that there is a 93% chance of
rejecting the null hypothesis. In sum, a lack of statistical power did not seem to represent a

plausible rival explanation for the null results.
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Chapter 5: Discussion

5.1 Introduction

The following chapter will discuss the aim and findings of the present study in
more detail. Specifically, three MMR models were examined, namely the moderating
effect of openness to experience on the relationship between intelligence and rating
accuracy, the moderating effect of conscientiousness on the relationship between
intelligence and rating accuracy, and lastly, the moderating effect of agreeableness on the
relationship between intelligence and rating accuracy. Implications for practice as well as
suggestions for future research are discussed in this chapter.

The main aim of this research study was to analyse whether rater-personality traits
moderate the relationship between intelligence and rating accuracy. Current research
regarding individual differences relating to accuracy has failed to produce consistent
trends. Therefore, a possible explanation for these mixed findings could be due to
moderating effects. The present study extended the research of Christiansen et al. (2005)
by demonstrating how personality may moderate GMA on rating accuracy. Individual
differences are related to key judgement processes, namely cue detection and cue
utilisation thought to cause accuracy (De Kock et al., 2020; Funder, 1999). Literature has
indicated that theoretically, there are specific individual constructs which may facilitate
better cue detection and utilisation. For example, when a judge is highly conscientious,
they are expected to have the ability to effectively integrate and interpret cues due to their
high cognitive abilities as they are able to recall and manipulate cues successfully,
allowing them to make more accurate judgements. Therefore, intelligence might matter for
accuracy only for intellectual people (high on conscientiousness). Additionally, this study
aimed to add to the good judge model (De Kock et al., 2020) by analysing how individual

differences interact indirectly, influencing accuracy.

5.2 Main Findings

Firstly, the findings of this study demonstrated that rater-personality traits do in fact
moderate the relationship between intelligence and rating accuracy; however, only for
certain personality traits. De Kock et al.’s (2020) meta-analysis proposed that there might
be more complex interactions between personality and judgment accuracy, such as

moderating effects which may account for these inconsistent trends. Moreover, the results
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of this study illustrated that the moderating effect of agreeableness on the relationship
between intelligence and rating accuracy was supported, indicating that the relationship
between intelligence and rating accuracy only really emerges with lower levels of
agreeableness in judges, which is supported by Christiansen et al. (2005).

Theoretically, this indicates that individual characteristics in the good judge model
(De Kock et al., 2020) are also linked together in how they affect accuracy. The good
judge model (De Kock et al., 2020) illustrates only the direct effects of individual
differences and not yet any interactions, therefore the model may require some revision to
show these moderating effects, if possible. A possible explanation for why intelligence
might only matter for difficult people is that individuals who have the propensity for being
difficult are known to maintain greater levels of intelligence (Baker & Bichsel, 2006).
They require high 1Q to do proper cue detection and cue utilisation, which may perhaps
compensate for having less valid cues due to poor rapport or poor relationships.

Secondly, because only one of the three personality traits presented a significant
moderating effect, it may be possible that personality has a moderating effect on the
relationship between intelligence and rating accuracy; however, only for certain traits and
not for others. Therefore, we need replications of the findings for agreeableness, as well as
other studies to examine whether the findings are robust. This study is the first to
investigate the replicability of the moderator effects in Christiansen et al. (2005) and
contributed to this limited research area in various ways. By studying replication,
researchers build a stronger science, increasing the validity of the study (Farrar et al.,
2020).

Thirdly, the study demonstrated that even though MMR is known to suffer from
low statistical power, it is not always the case if the correct methodological techniques are

used.

5.2.1 Agreeableness

This study examined the moderating effects of personality traits on the relationship
between intelligence and accuracy. The findings demonstrated that out of the three
regression models test, only one model showed a significant moderating effect.
Importantly, the results of this study illustrated that the moderating effect of agreeableness

on the relationship between intelligence and rating accuracy was supported, indicating that
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the relationship between intelligence and rating accuracy only really emerges with lower
levels of agreeableness in judges.

The fact that a moderator effect is present may suggest a boundary effect (De Kock
et al., 2020), as intelligence might only matter for accuracy for difficult individuals (low in
agreeableness). To establish practically why difficult people (low on agreeableness)
require more intelligence in order to be accurate compared to those high in agreeableness
who do not really take intelligence into account, one could refer to the RAM model
(Funder, 1999). For example, difficult people require high 1Q to do proper cue detection
and cue utilisation, which may perhaps compensate for having less valid cues due to poor
rapport or poor relationships. The findings may also propose different mechanisms to
achieve accuracy; perhaps highly agreeable individuals may also be accurate as they get
along better with people and are able to establish good relationships, allowing individuals
to open up to them. In contrast, difficult people may have a more challenging time
achieving accuracy and therefore require higher 1Q to perform proper cue detection and
cue utilisation.

Additionally, findings from this study are consistent with past research (
Hollenbeck et al., 1988; Wright et al., 1995), demonstrating that performance on specific
tasks is more efficient when people are motivated to perform well on the job and have
greater levels of relevant abilities. Additionally, Wright et al.’s (1995) study support the
interactive findings of Hollenbeck et al. (1988), who propose that personality and cognitive

ability interactively predict job performance.

5.2.2 Openness to Experience

The second model examined whether openness to experience moderated the
relationship between intelligence and rating accuracy. Results from this model were
consistent with Christiansen et al. (2005), who found that judges with higher levels of
openness to experience were no more accurate judges than those who were lower on these
traits. Christiansen et al. (2005) are the only researchers to date to have investigated the
interaction effects of personality on rating accuracy and intelligence. Since no moderating
effect was detected, it suggests that intelligence does not matter for accuracy, whether the
individual presents high or low levels of openness to experience.

One possible explanation could be due to the fact that openness to experience is

fundamentally related to general intelligence as they share very similar traits (DeYoung et
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al., 2014). Based on current research relating to personality and intelligence, general
intelligence tends to overlap with openness to experience (Silvia & Sanders, 2010). Some
studies have indicated a positive correlation between curiosity (a characteristic of openness
to experience) and intelligence (Silvia & Sanders, 2010).

To establish why openness to experience does not really matter for intelligent
individuals, one could refer to cue utilisation and cue detection in the RAM model (Funder,
1999). Openness to experience traits, such as intellectance, correlate positively with rating
accuracy as it facilitates effective behaviour information processing, a fundamental
element in cue utilisation (De Kock et al., 2020). Because general intelligence and
openness to experience both deal with the ability to deal with complex tasks, intelligence
may not matter for individuals who present higher or lower levels of openness to
experience. Curious or inquisitive people may be accurate even if they are not intelligent,
as they have the ability to understand complex tasks and concepts, solve problems, and
comprehend new ideas. As a result they have more cues at their disposal (because they
have the ability to understand people, process knowledge and come with creative
solutions). Therefore, they may have other beneficial cues available to them, which may

help them to achieve accurate judgement.

5.2.3 Conscientiousness

The third regression model examined the moderating effect of Conscientiousness
on the relationship between intelligence and rating accuracy. However, the results from
this study were not entirely consistent with Christiansen et al. (2005). Moreover, their
findings propose a more complex relationship between conscientiousness and accuracy,
with intelligence being a better predictor of judgment accuracy when the judge was more
conscientious (Christiansen et al., 2005).

It is anticipated that in cue detection, judges who are highly conscientious are
predicted to be more observant compared to low conscientious judges and also demonstrate
more consistency in cue utilisation (De Kock et al., 2020). Therefore, conscientious
individuals may be accurate even if they are not intelligent, as they have competencies
such as the ability to remain focused during long interviews or pay attention to specific
details, which facilitate better cue detection, allowing them to make accurate judgements.
Consequently, being smart may not be a significant factor for such individuals as they

utilise different cues which help them to achieve accuracy.



57

Another possible explanation for no moderating effect could be due to the different
types of samples used. This particular study made use of police managers with a mean age
of 44 years. Moreover, Christiansen et al. (2005) used a sample of university
undergraduate students and results illustrate a significant moderating effect. Similarly,
Ziegler et al. (2009) used a sample of psychology students enrolled at a German university.
Results from this study support the moderating effect of conscientiousness on the
relationship between intelligence and GPA (school performance) (Ziegler et al., 2009).
Generally, their results demonstrate that higher levels of conscientiousness results in higher
motivation to work dutifully, present self-discipline, feel capable and avoid being
impulsive (Ziegler et al., 2009). Additionally, due to conscientiousness’s link to a variety
of educational achievements and association with volition (hard-working and persevering),
it has also been referred to as the will to achieve and work (Barrick & Mount, 1991). Both
studies made use of a student population.

Furthermore, the mixed findings in this study could also be due to job complexity.
Individuals in Wright et al. (1995) study illustrated low complexity jobs (academic
environments), whereas the sample in Mount et al. (1999) were from higher complexity
environments (managers and sale representatives) who found no interaction effect of
conscientiousness and GMA on job performance. Additionally, the sample size in certain
studies was also relatively small, which resulted in weak statistical power (Hollenbeck et
al., 1988), making it difficult to observe an interaction or the interaction could be spurious.

Importantly, another factor which may explain these mixed findings could be due
to the use of construct valid measures of conscientiousness (Mount et al., 1999). Some
studies made use of facets of conscientiousness, such as persistence, while others used
conscientiousness as a broad trait (Mount et al., 1999; Wright et al., 1995; Ziegler et al.,
2009). Even though studies have been centred on the broad trait concept of
conscientiousness, recent literature has proposed that the facets of conscientiousness are
distinctly correlated to academic performance, with achievement-oriented facets being the
strongest predictor in university climates (Noftle & Robins, 2007; Paunonen & Ashton,
2013).

Scale coarseness is another factor to consider (Aguinis & Gottfredson, 2010).
Statistical power may be enhanced when scale measures are less coarse (Aguinis, Pierce et
al., 2009). Even though this fact is rarely recognised, organisational science researchers
make use of coarse scales every time continuous variables are measured using Likert-type

scales (Aguinis, Pierce et al., 2009). This particular study made use of continuous scales
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when measuring continuous underlying variables, which may have enhanced each
regression model’s statistical power. Moreover, in terms of measurement errors, low
reliability can have a truncating influence on moderating effects (Cohen, 1988), which may
have resulted in the mixed findings; however, both GMA and personality measures

produced acceptable reliability estimates.

5.3  Moderated Multiple Regression and Statistical Power

MMR has been commonly known to suffer from low statistical power (Aguinis &
Gottfredson, 2010), which suggests that the probability of detecting interaction effects may
be low, resulting in insignificant findings. In any research study, statistical power plays a
pertinent role and is required to be adequate (Barrick & Mount, 1991). Importantly, this is
a primary concern when attempting to observe interaction effects, because more subjects
are needed compared to when attempting to observe main effects (Aguinis & Gottfredson,
2010).

The power of observing an interaction of moderate magnitude with an alpha of .05
was sufficient for all three models tested in this study. However, in this study the
regression models of the moderating effects of openness to experience and
conscientiousness on the relationship between intelligence and rating accuracy both
yielded a power value of .93 (Faul et al., 2009), with a medium effect size of f >=.10, and
no moderation was detected. Therefore, weak statistical power is not an acceptable
explanation for the failure to observe a moderating effect.

Most research has indicated that when an insignificant interaction is observed, it is
necessary to consider design, measurement, as well as analysis issues to increase the
probability of finding an interaction effect if it is present (Aguinis & Gottfredson, 2010).
This study met most of the conditions detrimental to statistical power in MMR (Aguinis &
Gottfredson, 2010). Earlier studies that failed to detect moderating effects did not highlight
that low statistical power may have led to a failure to detect interaction effects, even
though it may have been present. The present study therefore shed light on this concern,
and found that in conditions with sufficient power, generally traits do not seem to moderate
the effect of GMA on accuracy, except for possible individual exceptions like

agreeableness in this study.
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5.4 Limitations

The aim of this study was to examine the moderating effect of rater-personality
traits on the relationship between intelligence and rating accuracy. The moderating effect
of personality traits on rating accuracy is still a theoretically underdeveloped notion and
this study aimed to contribute to this growing field of research. The following section
highlights the limitations identified in this research study.

This study made use of secondary data and there are various limitations associated
with using this particular type of data source. Secondary data analysis involves data that
was collected by a researcher with the intention of answering their primary aim (Johnston,
2017). Because the data were not collected to answer this current study’s research
question, there may have been some information which could have been useful which was
not collected. In terms of the data provided, one has to assume data were collected
accurately with no intentional manipulation (Tripathy, 2013). Another limitation of using
this type of data source is that the researcher does not know exactly how the data collection
procedure was conducted and therefore the secondary researcher may not know if the data
were affected by issues, such as low response rates or participants misinterpreting certain
survey questions (Johnston, 2017). Additionally, participation in the original study was
voluntary, which may have resulted in sample selection bias. Furthermore, measures used
to evaluate the interviewer’s personality were self-report questionnaires; using
questionnaires to collect data increases the risk of social desirability bias and several other
types of response bias. However, because responses remained anonymous, one could
presume this may have accounted for some of the response bias concerns (Tripathy, 2013).

A cross-sectional research design was implemented, which presents some
limitations. Adopting a cross-sectional design limits the researcher to establishing cause-
and-effect relationships, as it only establishes associations (Sedgwick, 2014). Future
research should consider adopting a longitudinal approach to investigate possible cause
and effect (Field, 2018). This study could benefit from using a qualitative approach to
explain the significance of the results based on unique contexts. In several cases, small
effect sizes may be very valuable for practice, and in contrast, large effect sizes may not be
very valuable and influential in certain conditions. Therefore, adopting a qualitative
approach could add value to the moderating effects field by providing a more in-depth
understanding and critically explaining the relationship in practical terms when dealing
with effect sizes (Aguinis & Gottfredson, 2010; Schilling, 2015).
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Another limitation of this study may be that the original study did not make use of
“actual life” interviews; instead videotaped interviewees were used to account for
experimental control (De Kock et al., 2015). Moreover, by using standardised videotaped
stimuli in a controlled setting, the primary researchers were able to hold performance
constant and reduce error variance associated with real life interviewees (De Kock et al.,
2015). Importantly, adopting a standard stimuli technique enabled the researchers to
establish true scores for these performances, which might not have been possible in a true
field environment. To alleviate the loss of fidelity, the primary researchers tried to create
realistic conditions for the participants. All interviewees were in that stage of their lives
where they were searching for jobs and used the interview activity to prepare for real life
selection conditions. Most of the participants who provided feedback stated that the
interviews felt relatively realistic. Furthermore, future research should examine the
moderating effect of personality traits on the relationship between intelligence and rating

accuracy by interviewing real interviewees.

55 Recommendations for Future Research

Various limitations relating to the use of secondary data give rise to
recommendations for future research. According to De Kock et al. (2015), caution should
be taken regarding overgeneralising the results from a single organisation. Future research
could also assess the degree to which the results of this study generalise to other
businesses, as results may differ across various other jobs and contexts, therefore
replication across diverse samples is necessary. De Kock et al. (2015) decided to expand
the generalisability of dispositional reasoning studies to non-student samples; this may
have resulted in some limitations because Schmid Mast et al. (2011) found that they are not
that different in terms of accuracy. However, future research should consider assessing
whether the results would generalise to other types of judges (e.g. psychologists). In
addition, because only one of the three personality traits presented a significant moderating
effect, it may be possible that personality has a moderating effect on the relationship
between intelligence and rating accuracy; however, only for certain traits and not others.
The present study only examined three out of the five Big Five traits, therefore future
research should replicate the findings of this study, as well as other traits which this study

did not include.
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Reporting interaction effect size estimates, such as f 2 and R?, may not always
produce information and knowledge on the practical importance of a given effect (Aguinis
& Gottfredson, 2010). In several cases, small effect sizes may be very valuable for
practice, and in contrast, large effect sizes may not be very valuable and influential in
certain conditions (Aguinis, Werner et al., 2009). It is therefore recommended that
researchers adopt a customer-centric technique when analysing the findings, which
includes performing a qualitative approach that explains the significance of the findings
based on unique contexts (Aguinis, Werner et al., 2009). In summary, one should not only
report the statistical significance or non-significance of a moderating effect, but in addition
to that, critically explain the nature and magnitude of the moderating effect in practical
terms (Aguinis & Gottfredson, 2010).

5.6  Implications for Theory and Future Research

This study contributed to literature on the moderating effects of personality traits on
rating accuracy and intelligence in interviews by replicating and expanding on the previous
research by Christiansen et al. (2005) and De Kock et al. (2015). The findings have
implications for issues which are crucial for theory building, as well as research on
individual differences in rating accuracy. Overall, the results of this study support
mainstream theories of judgement accuracy which propose that judges could be
fundamental moderators of accuracy (De Kock et al. 2015; Funder 1995, 2012).
Specifically, accuracy derives in part from individual differences in their ability to make
use of behavioural cues, as posited by Funder (1995). While Christiansen et al. (2005)
demonstrated that agreeableness and conscientiousness moderated the relationship between
dispositional intelligence and acquaintance accuracy, this study was able to constructively
replicate their findings and offer a more concrete representation of whether their findings
were spurious or robust. The present study also extended the good judge model (De Kock
et al., 2020), illustrating that individual characteristics in the framework are also linked
together in how they affect accuracy. Although only one of the hypotheses was supported
in this study, this provides interesting evidence into how design, measurement and analysis
techniques play a fundamental role when examining moderator variables.

The power of observing an interaction of moderate magnitude with an alpha of .05
was sufficient for all three models tested in this study. Therefore, weak statistical power in

this case was not considered an acceptable explanation for failure to observe an interaction.
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One might need to investigate the design of the study, as well as data analysis when
detecting interaction effects. It is therefore recommended that future studies using MMR
should routinely plan for sufficient power and report the findings to develop a more robust
argument. Furthermore, another crucial factor present in this study is the use of valid
personality constructs. For example, this study made use of conscientiousness as a broad
personality trait, whereas certain studies have made use of personality constructs which
aimed to be elements of conscientiousness but failed to provide construct validity data
(Barrick & Mount, 1991). Evidently, this may be a possible explanation for the mixed

findings in previous studies.

5.7 Implications for Practice

The findings of this study may be pertinent to human resource staffing and
recruitment as accurate personality judgements contribute to overall organisational
performance. Given that the effects observed for the moderating hypotheses were generally
non-existing (or small to moderate), we do not anticipate these to translate to practically
significant conditions for the workplace application. However, for the agreeableness trait,
the results could provide practical implications for interviewer screening and training. The
findings may suggest that for agreeableness, perhaps rater training and screening may
approach people low or high in agreeableness differently. One group may need higher
levels of GMA to achieve accuracy, whereas those high in agreeableness may not need
much intelligence after all as they achieve accuracy despite their intelligence levels. In
addition, another possible efficient training technique lies in interventions which are based
around each component (De Kock et al., 2015), for example individuals who are agreeable

or conscientious.

5.8 Conclusion

Individuals differ in their ability to make interpersonal judgements; some may be
more accurate than others, and these differences could be described by a mixture of
cognitive as well as personality factors. This research study expanded on the research of
Christiansen et al. (2005) on moderating effects by considering three personality traits and
how they moderate the relationship between intelligence and rating accuracy. The findings
of this study have extended support for personality traits being a moderator variable

influencing the relationship between intelligence and rating accuracy.
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Importantly, the findings indicated that agreeableness moderated the relationship
between intelligence and rating accuracy in interviews. Contrary to expectations, openness
to experience and conscientiousness did not moderate the relationship between intelligence
and rating accuracy. It may be possible that personality has a moderating effect on the
relationship between intelligence and rating accuracy, but only for certain traits and not
others. Therefore, we need replications of the findings for agreeableness, as well as other
studies to examine whether the findings are robust. However, upon further analysis, the
power of the interaction effects between the regression models which indicated a non-
significant relationship demonstrated moderately high power values of .93. This may be
important aspects to consider when analysing moderation effects. The present study shed
light on this concern, and found that in conditions with sufficient power, generally traits do
not seem to moderate the effect of GMA on accuracy, except for possible individual
exceptions like agreeableness in this study. Additionally, this study may be relevant to
rating practices, as the success of rater selection, as well as rater training, could be

dependent on a valid model of the specific interviewer constructs that drive accuracy.
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Appendix A: A 20-item short version of the International Personality Item Pool Big

Five Factor Markers

A 20-item short version of the International Personality Item Pool Big Five factor markers
(Goldberg, 1992).

Describe yourself as you generally are now, not as you wish to be in the future. Describe

yourself as you honestly see yourself, in relation to other people you know of the same sex

as you are, and roughly your same age. So that you can describe yourself in an honest

manner, your responses will be kept in absolute confidence. Indicate for each statement

whether it is 1. Very Inaccurate, 2. Moderately Inaccurate, 3. Neither Accurate Nor

Inaccurate, 4. Moderately Accurate, or 5. Very Accurate as a description of you.

Very Moderately Neither ~ Moderately Very
Inaccurate Inaccurate Accurate Accurate  Accurate
Nor
Inaccurate
1. Am the life of the party. 0] o o o (1+)
2. Feel little concern for others. 0] o o o o (2-)
3. Am always prepared. 0] o 0] o o (3+)
4. Get stressed out easily. O o 0] 0] 0] (4-)
5. Have arich vocabulary. O o 0] 0] 0] (5+)
6. Don'ttalk a lot. 0O 0] (0] 0] 0] (1-)
7. Am interested in people. 0] o 0] o o (2+)
8. Leave my belongings around. O o 0] 0] 0] (3-)
9. Am relaxed most of the time. O o 0] 0] 0] (4+)
10. Have difficulty understanding abstract O o 0] o o (5-)
ideas.
11. Feel comfortable around people. (0] 0] (0] 0] 0] (1+)
12. Insult people. (0] 0] (0] 0] 0] (2-)
13. Pay attention to details. o] o o] 0] o (3+)
14. Worry about things. 0] o 0] o o (4-)
15. Have a vivid imagination. (0] 0] (0] 0] 0] (5+)
16. Keep in the background. (0] 0] (0] 0] 0] (1-)
17. Sympathize with others' feelings. 0O 0] 0O 0] 0] (2+)
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18. Make a mess of things. (0] 0] (0] 0] 0] (3
19. Seldom feel blue. o] e} 0] o o (4+)

20. Am not interested in abstract ideas. o] o o] o o (5-)






