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ABSTRACT

Distributions of job performance indicators have historically been assumed to be
normally distributed (Aguinis & O'Boyle, 2014; Schmidt & Hunter, 1983; Tiffin, 1947).
Generally, any evidence to the contrary has been attributed to errors in the measurement
of job performance (Murphy, 2008). A few researchers have been skeptical of this
assumption (Micceri, 1989; Murphy, 1999; Saal, Downey, & Lahey, 1980); yet, only
recently has research demonstrated that in certain specific situations job performance is
exponentially distributed (Aguinis, O'Boyle, Gonzalez-Mulé, & Joo, 2016; O'Boyle &
Aguinis, 2012). To date there have been few recommendations in the
Industrial-Organizational Psychology literature about how to evaluate distributions of job
performance to determine whether they fit an exponential curve. There also has not been
substantial justification in the literature as to why distributions of job performance would
be expected to be normally distributed versus exponentially distributed. Furthermore,
recent research about job performance distributions has narrowly focused only on a few
specific types of work and on a few specific indicators of performance. Thus, research
concerning distributions of job performance indicators is, to date, of limited
generalizability.

The current research attempts to close the gaps in the literature by identifying high
fidelity methods and applying them to classify distributions of various indicators of job

performance on a continuous spectrum from normal to exponential. In this research,
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v
multiple types of indicators of performance (and indices computed from combinations of
indicators) were found to produce exponential distributions. More specifically,
managerial indicators of job performance were found to best fit a normal distribution
whereas objective measures, as well as composite measures of performance consisting of
objective and subjective indicators, were found to best fit an exponential distribution.
This study provides researchers and practitioners with new suggestions for classifying job

performance distributions as well as new techniques for better differentiating between top

and bottom performers.
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CHAPTER ONE

INTRODUCTION

Over time, the nature of work has evolved. Lerman and Schmidt (1999) point out
that within the past one hundred years work in many parts of the world has shifted from
being predominantly physical labor to being largely service-oriented. The shift has
resulted in jobs becoming more vague, nebulous, and difficult to define. By extension, it
has become increasingly difficult to articulate to employees what is expected of them and
what “good” performance is. Along these same lines, it has become more difficult to
evaluate and differentiate between high and low performing employees. However, current
buzzwords and phrases, such as top talent, talent wars, and Hi-Po (i.e., high-potential
employee), are indicators that organizations have an interest in identifying the best
performers within organizations.

For Industrial and Organizational (I-O) Psychologists, the interest in assessing job
performance has been a focal point over the last century. A search of Psycinfo, an online
research search engine, for ‘job performance’ revealed 14,776 articles where job
performance was a major theme. While job performance continues to receive much
attention in the research literature, there are many points of contention between
researchers. Austin and Villanova (1992) discussed four controversies in the job

performance literature:



e What to consider as job performance (e.g., behaviors versus outcomes).
¢ How to measure job performance (e.g., descriptive versus quantitative methods,
absolute versus relative ranking systems).

e What theoretically constitutes job performance and which theoretical models to

apply.

How job performance is distributed.
Austin and Villanova (1992) point out that lack of agreement over these four
questions is understandable because performance can take on vastly different meanings,
is conceptually abstract, and is extremely difficult to measure. Considering the
complexity and lack of agreement concerning job performance, and because job
performance is a broad and abstract concept, the following definition is a guide to help
understand job performance: “Job performance is conceptualized as those actions and
behaviors that are under the control of the individual and contribute to the goals of the
organization” (Rotundo & Sackett, 2002, p. 66).

The fourth controversy, regarding how job performance is distributed, is
particularly important when trying to evaluate employee job performance and when
trying to specifically identify top performers within an organization. Understanding the
meaning of a distribution of job performance is vital to determining differences in the
performance of employees. A distribution of job performance is the result of natural
variation that occurs in employees’ proficiency on the job; that is, different employees are
bound to be more or less effective in their work when compared to others in the same
role. Conceptually this may be straightforward; yet. as may be concluded from the

ongoing debate in I-O research, it is difficult to convert conceptual variation between



employees’ proficiency into practical solutions that reflect actual variation in job
performance that organizations can leverage in a meaningful way. One attempt at a
solution is for organizations to graph employees’ job performance. Graphing employee
job performance generates a visually discernable physical distribution that organizations
can use to aid the process of understanding and differentiating between employees’

varying levels of proficiency (see Figure 1).
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Figure 1. Normal Distribution of Job Performance.



To generate a physical distribution of employees’ job performance, organizations
can plot job relevant performance “scores” for employees that perform similar roles.
However, in order to create a physical distribution of employees’ job performance, each
employee’s proficiency must be quantified. Thus, one underlying problem in the debate
about how job performance is distributed is muddled by the fact that anytime
organizations attempt to quantify something conceptual, such as job performance, at least
some degree of accuracy is lost. Job performance is a construct, which means that it is
intangible and not directly measurable (Ronan & Prien, 1971). On the other hand, when
attempting to measure the construct of job performance, indicators of the construct of job
performance are being measured, which invariably include error (Ronan & Prien, 1971).
As a result, all attempts to measure job performance will include some degree of error.

The present research focuses on improving the accuracy of physical distributions of
job performance. Specifically, this study seeks to provide practical guidance on methods
that researchers and practitioners alike can use to increase accuracy when attempting to
analyze distributions of job performance and which researchers and practitioners can
broadly apply to different job types and organizational contexts. This remains a gap in
literature as there appears to be no prior studies that have proposed and tested an
analytical approach to use across multiple jobs and performance dimensions (Aguinis &
O'Boyle, 2014; Aguinis, O'Boyle, Gonzalez-Mulé, & Joo, 2016; Campbell & Wiernik,
2015; Crawford, Aguinis, Lichtenstein, Davidsson, & McKelvey, 2015). This study also
seeks to provide evidence that job performance should not always be expected to be
normally distributed. To underscore the importance of the need to represent job

performance distributions accurately, there will also be a discussion on the impact that



different types of distributions of job performance can have on identifying and
subsequently evaluating and managing individual job performance. Furthermore, none of
the four controversies outlined operates in isolation, which is why it is particularly
important to review them in depth. This is especially true for how job performance is
distributed. That is, observed distributions of job performance are dependent upon how
each of the first three controversies is ultimately approached and resolved.
The Problem with Performance Distributions

For decades, researchers and practitioners alike assumed that job performance
would always be normally distributed (Aguinis & O'Boyle, 2014; Schmidt & Hunter,
1983; Tiffin, 1947). A normal distribution resembles a “bell shape,” is symmetrical
around its mean, and has a mean, median, and mode which are all equal (Heiman, 2013).
The problem with assuming job performance will always be normally distributed is that
this assumption has not been consistently and critically evaluated. Researchers and
practitioners continue to accept the assumption that job performance is a/ways normally
distributed when investigating human performance. This is the case despite the fact that
organizations work, in general, and that how organizations select employees has changed.
For instance, recall that work in many parts of the world has shifted from being
predominantly physical labor to being largely service-oriented (Lerman & Schmidt,
1999). Organizations have also evolved and some organizations now operate on a global
scale. Many organizations have also put into practice some of the vast I-O research on
employee selection (e.g., Ryan & Ployhart, 2014), which theoretically should impact
distributions of job performance because the use of validated selection systems should

result in the selection of high opposed to low performing employees. Furthermore, over



the last century, instead of critically evaluating the assumption that job performance is
always normally distributed, many studies on job performance became a sort of
self-fulfilling prophecy whereby researchers set out to confirm this assumption. Thus, for
the most part, the notion that job performance is normally distributed became
unquestioned. In an effort to more accurately capture job performance, many researchers
and practitioners came to believe that any indication that job performance was not
normally distributed was the result of measurement error, the influence of irrelevant
factors, or worse, the impact of intentional distortions (Murphy, 2008). If departures from
normality in the measurement of job performance are actually the result of sampling
error, then there would be justification to correct for normality (Anastasi & Urbina,
1997). However, given the changing landscape of work over the last century, a normal
distribution of performance may no longer be the only, or most appropriate, distribution
to represent measures of job performance. In turn, distributions of job performance that
deviate from normality could actually be accurate representations of distributions of job
performance. If this is true, then assuming a normal distribution of job performance or
correcting distributions of job performance that deviate from normality may introduce
additional error rather than correct for measurement error (Anastasi and Urbina, 1997).
The Importance of Distributions of Job Performance

How distributions of job performance are viewed (e.g., normal and non-normal) is
important because this premise can influence many areas of 1-O Psychology practice and
research (Aguinis & O'Boyle, 2014; O'Boyle & Aguinis, 2012). For instance,
practitioners may design performance-rating systems that force managers to assign

performance ratings that fit a normal distribution of job performance, irrespective of



actual differences in employee job performance. This practice can artificially decrease the
variation of job performance ratings, making it difficult to accurately differentiate
between performers. This matters because employee performance ratings directly tie to
organizational logistics such as compensation and promotions, as well as benefits such as
inclusion to selective developmental opportunities.

As an example, organizations may instruct managers to distribute only a
pre-specified percentage of each of the possible performance ratings among his or her
employees (Motowidlo & Borman, 1977; Reilly & Smither, 1985; Schneier, 19774,
1977b). However, it may not be appropriate to assume a predefined percentage of
employees perform at certain levels under a normal curve. In fact, if an organization
requires a realistic minimum level of performance in order to continue employment it
might be reasonable to suggest that the lowest performers will exit the organization
through attrition. In situations where organizations can retain higher performing
employees at a rate greater than it is retaining lower performing employees, the result
should be that very few employees would fall within the lowest end of any performance
distribution.

In another example, if an organization leverages a valid selection system to select
new employees, the result should be selection of a greater number of high performers, as
opposed to low performers. If the selection system is valid, then through an iterative
process of attrition and selection, over the natural course of time, a performance
distribution should become more positively skewed (more high performers), as opposed
to normally distributed (e.g., Beck, Beatty, & Sackett, 2014; Meyer, 1980; Schmidt &

Hunter, 1983; Tiffin, 1947). Given these examples, assuming job performance should



resemble a specific type of distribution may result in a great deal of error. By assuming a
pre-specified distribution of job performance, organizations may mistakenly differentiate
employees and make poor or inappropriate decisions based on their inaccurate data.

An accurate understanding of the distributions of job performance, free of
predetermined assumptions, has many benefits for individual employees as well as
organizations. For example, increased realization and differentiation between top
performers and bottom performers, opportunities to increase retention of a greater
number of top performers, recognition of higher levels of attrition among specific sub
groups, easier workforce and succession planning, and a greater ease of demonstrating
the value of selection systems to upper management. Many of these potential advantages
stem from the fact that an assumed normal distribution of job performance may be
providing erroneous results concerning the performance differentiation between
employees.

Additionally, there has been a narrow focus thus far in the literature when
challenging the assumption of normality (e.g., Micceri, 1989; Murphy, 1999; Saal,
Downey, & Lahey, 1980). Current research challenging the assumption of normality has
primarily focused on non-normal, exponential distributions of job performance in a very
limited number of occupations. A non-normal distribution can be any distribution that
does not resemble the distribution in Figure 1, but the present research is interested
specifically in the positively skewed and leptokurtic, exponential distribution. Given that
the exponential distribution is of specific interest in the current research, it will be
referenced directly going forward instead of using the broader terminology of non-normal

distribution. An exponential distribution (see Figure 2) is a positively skewed, leptokurtic



distribution. Positively skewed means that there are a few scores that are substantially
larger than the rest of the scores, which pulls the mean up. This also makes the mean
greater than the median. Leptokurtic means that there is a large ‘peak,’ or very large
mode. For example, a leptokurtic distribution can result when a large number of
employees receive similarly high job performance ratings. Examples of the occupations
used in previous research include actors, academics and professional athletes, which only

make up a very small proportion of occupations (e.g., Aguinis & O’Boyle. 2012).
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Figure 2. Non-normal Exponential Distribution of Job Performance.
Some researchers have argued to exclude the most common method of evaluating
employee job performance, managerial performance ratings, as being able to produce
exponential distributions of job performance, even in situations where exponential

distributions of job performance have been found using performance ratings other than
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managerial ratings (Aguinis & O'Boyle, 2014; O'Boyle & Aguinis, 2012). Yet, because
managerial ratings of performance are the most common method used currently to assess
job performance (Aguinis, 2013; Murphy, 2008; O'Boyle & Aguinis, 2012; Viswesvaran,
Schmidt, & Ones, 2005), this is a major restriction limiting the availability of more
appropriate performance distributions.

The use of managerial ratings of performance, which are a subjective type of rating,
may make it difficult for organizations to identify exponential distributions of
performance. Objective indicators of performance, as opposed to subjective indicators,
tend to be more readily available for only a small set of occupations (e.g., salespeople)
where organizations can use objective output (e.g., the number of sales) as an indicator of
performance. An objective indicator is a measure of job performance that does not
require a judgment or interpretation. Subjective indicators of job performance require a
rater to make a judgment about how well an employee has performed a specific behavior.
For example, a manger could provide a rating of job performance on how well a
salesperson demonstrated the use of specific selling techniques.

Although managerial ratings of job performance are currently the most widely used
method for assessing job performance, there has been a growing trend to completely do
away with managerial ratings of job performance (Coens & Jenkins, 2002; Pulakos,
Hanson, Arad, & Moye, 2015; Pulakos & O'Leary, 2011). This makes it imperative to
identify additional alternative methods of measuring job performance that apply to a
broad number of occupations. Furthermore, there are also subjective indicators of job
performance that have yet to be thoroughly explored with an impartial lens (i.e., not

presupposing a normal distribution), that may be readily accessible to organizations
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interested in a holistic representation of employee performance and that may be
exponentially distributed. Examples of these include managerial ratings of performance,
upward ratings of manager quality, and 360° performance evaluations (e.g., multi-rater or
multi-source feedback).

Not only is there a growing trend to do away with managerial ratings of job
performance, but organizations that use managerial ratings of job performance may
assume job performance ratings should be normally distributed and attempt to force a
normal distribution of job performance to produce a distribution similar to the one
illustrated in Figure 1. This occurs when organizations explicitly suggest to managers
what percentage of employees should receive each potential rating. The distribution of
performance ratings that results from this practice may not be accurate (Balzer & Sulsky,
1992; Cooper, 1981; Guion, 2011; Landy & Farr, 1980; Murphy & Cleveland, 1995;
Murphy, Jako, & Anhalt, 1993; Murphy & Reynolds, 1988; Wallace, 1974). For
example, organizations may provide the suggestion that approximately 40 percent of their
employees should receive a rating of three, 25 percent should receive a rating of two, 25
percent should receive a rating of four, five percent of employees should receive a rating
of one, and five percent of employees should receive a rating of five. The result of this
practice would be a distribution of performance that closely resembles Figure 1. This
example demonstrates that assuming and or suggesting a distribution of job performance
can have a direct impact on employee performance ratings with no regard for whether or
not job performance is actually normally distributed.

Some researchers have been skeptical that individual performance is normally

distributed (e.g., Micceri, 1989; Murphy, 1999; Saal, Downey, & l.ahey, 1980). O’Boyle
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and Aguinis (2012) recently challenged the assumption that job performance is always
normally distributed by using objective measures to produce exponential distributions of
job performance. The researchers used objective measures of job performance to
demonstrate exponential distributions of job performance because, unlike subjective
measures, objective measures typically have an unrestricted maximum value. The greater
the maximum value, the greater the opportunity for a positively skewed distribution.
Subsequently, this also creates a greater opportunity for an exponential distribution to
exist, because exponential distributions are characterized by a positive skew and
leptokurtic peak. Thus, these authors demonstrated that in some instances job
performance best resembles an exponential distribution.
The Proposed Study

In summary, the majority of past research has argued that job performance is
normally distributed, with few challenges to this assumption. This has resulted in
organizations suggesting to managers who provide ratings of job performance that their
ratings should essentially resemble a normal distribution (Motowidlo & Borman, 1977,
Reilly & Smither, 1985; Schneier, 1977a, 1977b). This typically results in distributions of
job performance that are normally distributed, but that may not necessarily represent an
accurate distribution of job performance (Balzer & Sulsky, 1992; Cooper, 1981; Guion,
2011; Landy & Farr, 1980; Murphy & Cleveland, 1995; Murphy, Jako, & Anhalt, 1993;
Murphy & Reynolds, 1988; Wallace, 1974). Only recently has research begun to
successfully challenge the previous assertion that job performance is always normally

distributed (Aguinis & O'Boyle, 2014; O'Boyle & Aguinis, 2012).
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The distribution of job performance is important not only because it can impact the
individual job performance evaluation and management for each employee, but it can
also impact other important aspects of work such as pay, promotion, retention, selection
utility, team dynamics, team performance, succession planning and overall firm
performance and culture (Pulakos & O'Leary, 2011). Therefore, accurately identifying
the performance distribution of jobs should be a top priority. As top performers have the
most job opportunities, provide the most value to organizations, and the war for talent is
at an all-time high (Gravett & Caldwell, 2016), the current study suggests a paradigm
shift. The proposed study argues for increased emphasis on differentiating and identifying
top performers by embracing exponential distributions of job performance when and
where appropriate. This is in contrast to assuming normal distributions of job
performance. It is important to challenge the widely held assumption that job
performance is normally distributed in order to ensure that the most fitting distribution
given to a set of employee performance data in any given context is achieved (Aguinis &
O'Boyle, 2014; Crawford et al., 2015). The current study seeks to close this knowledge
gap by 1) identifying and applying statistical methods for determining whether the
distribution of performance data is normal or exponential, and 2) investigating the
potential of multiple types of indicators and combinations of indicators to produce

exponential distributions.



CHAPTER TWO

HISTORY OF JOB PERFORMANCE

To place modern struggles of understanding job performance into context, the
following discussion first reviews key historical influences on our understanding of job
performance. Second, the discussion focuses on four broad topics related to job
performance: 1) conceptualizing performance, 2) measuring performance, 3) addressing
performance measurement error/contamination, and 4) the current state of affairs as
related to job performance. To appreciate the importance of accurately identifying and
appropriately analyzing different performance distributions, which is the focus of the
current study, it is crucial to understand these four broader topics. In addition, each of
these four topics provides insights into each of the four controversies introduced in
Chapter One. Specifically, the first topic, conceptualizing performance, will provide
insight on the controversy over what to consider job performance. The next topic,
measuring job performance, and the third topic, addressing performance measurement
error/contamination, will help guide understanding of the controversy surrounding
measuring job performance. The fourth topic, the current state of affairs as related to job
performance, will also aid understanding of the controversy around measuring job
performance. Holistically, all four topics will provide insight into the controversy over

how job performance is distributed.
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Why Job Performance?

The drive to perform and produce results is an innate characteristic of all living
things (Alchian, 1950). In the animal kingdom, performance includes securing a stable
source of food or displaying the knowledge, skills, and abilities to defend one’s self and
others from predators. Natural selection dictates that the better an organism performs the
better chance it has at reproducing and passing on its genes to future generations
(Darwin, 1859). Thus, people in general may be motivated to increase their performance
in order to provide for their basic needs and wants. For example, prior to growing crops,
people had to hunt and gather food to survive. When people discovered how to grow
crops, people were able to spend more time working towards achieving other goals. With
additional time afforded, people were able to develop new technologies such as tools,
which made it easier to grow crops and essentially continue to increase performance and
achieve progress (Richerson & Boyd, 2008).

From an organizational perspective, performance is important because, just as an
organism’s performance generally dictates its success in passing on its genes, the
perpetuation of an organization is dependent on the performance of its employees. The
more top performers an organization can identify, select, develop, and retain, the more
likely the organization is going to be successful (Aguinis & O'Boyle, 2014; Aguinis et al.,
2016; Boudreau & Ramstad, 2007; Call, Nyberg, & Thatcher, 2015). Changing an
organization’s view of employee performance as being normally distributed to being
exponentially distributed may allow the organization to more easily and accurately
identify employees who are most likely to contribute to the organization’s success. This

is possible because an exponential distribution provides greater differentiation between
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top performers than a normal distribution. An exponential distribution is more likely to
differentiate a greater number of employees that are in the upper echelons of
performance, while a normal distribution would compress many of these employees
toward the mid-point (Pulakos & O'Leary, 2011).

Being able to differentiate top performers accurately from the rest of employees
gives organizations an opportunity to target and invest in employees who are most likely
to help the organization succeed. This affords organizations an opportunity to maximize
performance by providing more accurate data in strategic planning. Increased
performance and progress helps to ensure an organization’s survival. To that end,
organizations often provide incentives for employees to perform well and to continue
improving their performance. However, not all employees possess the same drive to
improve their performance (Latham & Pinder, 2005; Maslach, Schaufeli, & Leiter, 2001).
Some employees are satisfied with doing the bare minimum of what is required, or even
less. Organizations may let these lowest performing employees go or find some way to
motivate them to perform with at least a minimum performance requirement to hold onto
a position. As a result, the lower end of job performance distributions should become
almost non-existent, further supporting the argument to consider the possibility of
exponential distributions of job performance.

The goal of maximizing employee performance and retaining top employees
appears to be imperative for organizational success (Becker, Huselid, Pickus, & Spratt,
1997, Combs, Liu, Hall, & Ketchen, 2006; Huselid, 1995; Pfeffer, 1998). Furthermore,
there appears to be a relationship between organizations’ abilities to achieve this goal and

the evolution of technology. As technology advances, there may be greater opportunities
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for differentiation between employee levels of performance. Over time, more
technologies have become available to employees to help them learn and perform their
jobs more effectively and efficiently (Devaraj & Kohli, 2003; Goodhue & Thompson,
1995). When desktop computers first entered organizations, their functionality and
purpose was limited. Over time, the number of software applications available to
organizations has become almost limitless with each organization leveraging a unique
mix of applications and platforms. Theoretically, this means that the greater proficiency
an employee possesses for applications and platforms required for a given job, the better
the employee should be able to perform. When jobs require proficiency in only one
application, there should be less differentiation between employees’ performance than
when a job requires proficiency in mulitiple applications.

For example, assume proficiency is measured on a one-to-five scale similar to the
performance examples provided in Chapter One. When proficiency is only required on
one application, employees can only be differentiated on the single one-to-five scale as
related to the single application. However, if proficiency is required on two applications
then proficiency can be differentiated for each application on separate one-to-five scales.
This results in two separate one-to-five ratings that can be summed to provide an overall
score from two through ten. The more behaviors evaluated to assess performance, the
greater the amount of true variance between employees may exist and may be measured.
As work has evolved from primarily physical labor to being more service oriented, a
greater number of skills may be required for many jobs, creating an opportunity for
exceptional employees to substantially outperform the rest. It may be reasonable to

assume that the majority of employees will possess at least the minimum required skills
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to perform a job and a decreasing number of employees will possess an increased level of
proficiency of additional skills. This could result in the majority of employees performing
at a similar basic level where the lowest performers are forced to exit an organization or
perform at a basic level of performance and a few employees perform at a much higher
level. Within 1-O Psychology, this perspective challenges historical views of job
performance established around World War | (WWI; Austin & Villanova, 1992).

For I-O Psychologists, the focus on job performance came about during the turn of
the nineteenth century as a result of the Industrial Revolution and WWI (e.g., Bingham,
1926; Kornhauser & Kingsbury, 1924; Link, 1918; Scott, 1917). During WW]I, the
demand for laborers and soldiers was greater than ever before. This demand provided an
opportunity for emerging sciences focusing on human work and performance to catalyze
(e.g., Hull, 1928; Kornhauser, 1922; Munsterberg, 1913; Parsons, 1909). As the demand
for laborers and soldiers increased, demand to select the best laborers and soldiers also
increased. Thus, early work researchers sought to find indicators to identify people who
would produce the highest levels of job performance (e.g., Link, 1918; Strong, 1918;
Yoakum & Yerkes, 1920). In order to find these indicators and select applicants with the
greatest potential, job performance had to be quantified (Scott, 1917).

From this demand, performance criteria were created and a refinement process
between job performance and indicators of job performance (e.g., intelligence and
personality) was formed. Researchers and practitioners began by seeking the best
predictors of job performance and then seeking out the best measures of job performance
to increase the predictive validity of their indicators (Bingham & Davis, 1924; Fryer,

1922; Viteles, 1925). Work researchers would then return to their indicators and attempt
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to increase their predictive validity further, thus starting the process over, establishing the
refinement process that has been happening for well over the last century (Austin &
Villanova, 1992).

In the Beginning: Measuring Outcomes

In their report on the United States Army’s development of selection tests, Yoakum
and Yerkes (1920) mentioned that as the United States entered World War I, it had to
rapidly build a military force much larger than ever before. The authors went on to
explain that military selection and classification systems at that time were not designed to
handle the large influx of new soldiers required to fight in the war and, as a result, there
was a need to change selection and classification systems. One of the authors, Robert
Yerkes, was one of a team of psychologists commissioned by the United States to revamp
this process. According to the report, Yerkes developed a new system intended to identify
the potential of each military candidate and accurately place him or her into a military
position that would best fit the person’s innate capabilities.

To do this, Yerkes developed two selection measures known as the Army Alpha
and Army Beta. The Army Alpha test was a cognitive battery of tests administered to
people who could read, whereas the Army Beta was a similar cognitive battery
administered to people who were illiterate. Unfortunately, there were serious problems
with these two batteries. The batteries did not accurately assess the abilities of enlisted
soldiers, but severely discriminated between soldiers based on race (Brigham, 1930).
After the war, the use of these batteries in the Army was abandoned in search of better
selection tests. However, immediately following WWI, the private sector as well as

United States government agencies did see value in the use of intelligence testing and
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began using new refined intelligence tests as a means for selecting employees (Fryer,
1922, 1935). Unfortunately, although these newer intelligence tests were more valid they
still possessed the limitation of producing adverse racial impact in selection (Gould,
1984).

From about nineteen-twenty until well into the nineteen-forties, and even to present
day, much focus has been placed on predictors, such as traits, to select employees (Ryan
& Ployhart, 2014). The goal of industry has been to increase job performance and
ultimately production through the use of selection methods. Outcomes of performance
were measured as a proxy for job performance in order to validate predictors of
performance. As a result, outcomes included criteria selected based on ease of
measurement, not job performance (Jenkins, 1946). Measurement of outcomes could be
considered among the earliest forms of objective performance criteria.

World War I and the large-scale increase in industrial jobs hastened the realization
that organizations needed to select the best employees in order to increase performance.
This, in part, is the benefit Yerkes’ initial selection batteries provided. Yerkes® selection
batteries increased enthusiasm for testing and triggered the realization of the need for
better selection systems that could increase job performance (Kingsbury, 1923). This
realization may also have been attributable in part to the large-scale increase in mass
production factory jobs in the United States. A desire to increase job performance and
increase production was likely the motivation, as many new jobs were created during this

: I
time .

' As an aside, it is from the creation of these new jobs that 1-O psychologists got their name. Many of these
jobs were industrial or factory work, which is where the term Industrial Psychologist was initially derived.
It was not until much later that organizational was added to the title.
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In summary, during the turn of the nineteenth century through WWI there was a
push by the industrialist mindset to focus on maximizing job performance (Katzell &
Austin, 1992). During this time there was an initial focus on developing ways to predict
job performance measured as the number of outputs (Katzell & Austin, 1992). For
example, job performance measured objectively as the number of bolts tightened per hour
or the number of completed cars produced. The research of this time suggests that the
mindset was to improve selection systems so that the candidates with the greatest
potential to perform well could be selected (Austin & Villanova, 1992). Yet, evidence
was still lacking as to the best way to measure job performance and what types of
indicators were important to try to predict. Emphasis was on selection systems used to
select employees, but not on improving the measurement of job performance. This made
it difficult to validate the impact of new selection systems. There was a gap between the
advancement of selection systems and the advancement of how to accurately measure job
performance. Researchers could improve selection systems, but were unable to accurately
demonstrate the impact of new selection systems because there had not been emphasis
placed on improving the measurement of the outcome of interest, job performance. As a
result, researchers began to realize that before they could demonstrate the actual impact
of new selection systems on job performance they had to also invest in measuring and
better understanding job performance. This meant an initial shift from focusing primarily
on indicators that could be used for selecting employees to also attempting to understand

better, conceptually, what constitutes job performance.
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Conceptual Advancement: Actual Job Performance versus Criteria

Before discussing theoretical models of job performance in the next section, there is
an important conceptual distinction between job performance and measures of job
performance. This section will explain the difference between actual job performance and
what is measured as job performance. This section will also present historical events that
have resulted in the necessity of this distinction.

Ronan and Prien (1971) define job performance as a latent construct, meaning that
it is intangible and not directly measurable. Criteria, they say, are quantitatively measured
manifestations or indications of latent job performance. For example, a manager may
have a list of behaviors that an employee should be performing on the job. A manager
could then rate the employee on how well the employee is performing each behavior.
Hence, the ratings provided by the manager are signals of an employee’s job
performance. The distinction is that job performance is “pure,” whereas criteria are
merely imperfect indications of job performance. Furthermore, criteria can be both
objective as well as subjective. Objective measures of job performance may focus on
outcomes such as bolts tightened per hour. Subjective measures, on the other hand, refer
to measurement that requires judgments about things such as behaviors, like manager’s
ratings used in previous examples.

Unfortunately, both objective and subjective criteria are inheritably plagued with
error, which can distort what organizations measure as job performance. Both objective
and subjective criteria also tend to lack completeness in their measurement; in other
words, there are many factors that are not measurable that could contribute to an

employee’s job performance. It is also not feasible to control all sources of error. When
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using subjective measures, error may be introduced in many forms. For example,
similar-to-me bias is when a rater provides higher ratings to employees that are similar to
him or herself. As a result, criteria are likely to capture only some of the many factors
that comprise job performance as well as various sources of error.

Perhaps more problematic, it is likely that some of the factors measured as job
performance are not necessarily related to job performance at all (Landy & Farr, 1980).
For instance, what is being measured as performance can be influenced by environmental
factors (Murphy, 2008). In a factory, this could be due to many influences, such as
differences in the equipment used by employees or differences in the rate at which
employees receive materials from others in a factory line preceding them. 1f two
employees are equally able to perform, but one has a newer machine, then one employee
may produce more widgets per hour than another employee due to this environmental
difference. In this scenario, equipment would be considered an environmental factor.

The issues of dealing with incomplete job performance criteria and their associated
error can also be placed into historical context. In the early part of the 1900s, researchers
and practitioners were at a crossroads where they had to decide for the first time how to
measure job performance. The first solution to this problem was to simply count tangible
outcomes such as number of bolts tightened per hour or number of buttons sewn on a
shirt per hour. From the turn of the nineteenth century through WW1, this approach
appeared to work. However, research and practice of that time focused narrowly on the
industrial worker (Katzell & Austin, 1992). More recent research has demonstrated that
measuring outcomes opposed to processes (i.c., behaviors) may be a deficient method for

evaluating employee job performance in most jobs and situations where additional factors
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outside the immediate control of an employee are at play (Aguinis, 2013; Beck et al.,
2014). As research and practice on measuring and predicting performance continued,
huge deficits have been identified within the practice of only using objective indicators of
performance.

While outcomes as an indicator of job performance has been the accepted method
of performance measurement, over time, through arguments over what constitutes job
performance, there has been a gradual switch toward evaluating employee behavior as an
indicator of job performance (Austin & Villanova, 1992). Research has found that the use
of subjective measures in many situations may be better than objective measures
(Aguinis, 2013; Campbell & Campbell, 1988). Although the environment can influence
both objective and subjective ratings, behaviors, not outcomes, tend to be more under the
control of employees. Employees may demonstrate all of the behaviors required to have
optimal performance and the associated outcomes may not always be ideal. However, the
use of subjective measures to measure job performance is not addressed until before the
start of WWII, when researchers like Bingham (1926) and Viteles (1932) began to
challenge conceptualizations of job performance. For instance, Bingham (1926) and
Viteles (1932) presented evidence that the criteria being used by organizations to measure
job performance did not align completely with the standards employees thought should
be used to evaluate their performance. In essence, employees did not believe that the
criteria being used to measure performance was face valid. Face validity refers to whether
something looks like it is measuring what it is supposed to be measuring in the eyes of
the person being evaluated (Mosier, 1947). Thus, employees did not feel that the criteria

used by organizations to evaluate their performance were accurately measuring
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performance. The conceptualization of job performance began to advance beyond the
mere use of objective outcomes as criteria because of the critiques provided by
researchers like Bingham (1926) and Viteles (1932).

In sum, there is error in the measurement of objective outcomes and subjective
measures of job performance. The reason we continue to use criteria, despite the known
deficiencies, is that they currently represent the best approach available to measure job
performance (Pulakos et al., 2015). Viswesvaran, Ones, and Schmidt (1996) would argue
that statistically, error can be accounted for and corrected. However, Murphy (2008)
argues that this is an oversimplified and inadequate view of dealing with error in job
performance measurement.

Theoretical Criterion Advancements

The advancement of criteria used to measure job performance did not see large
strides until the start of World War II, shortly after the critiques of Bingham (1926) and
Viteles (1932), when the U.S. government again invested a great deal of resources into
developing better measures of job performance such as combat performance (Marquis,
1944). During this time, researchers such as Toops (1944) and Thorndike (1949) also
began to provide some of the first theoretical models of job performance.

Toops (1944) helped lay the groundwork that would make later researchers work,
such as Thorndike’s theoretical contribution, possible. Toops established that although a
unidimensional criterion (i.e., a sole criterion that captures all aspects of job
performance) is desirable, all criteria are likely influenced by many sub-criteria. Similar
to Thorndike’s (1949) theory, which argues that a nearly infinite number of behaviors

across time comprise an ultimate criterion, Toops identified a myriad of factors that could
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affect a unidimensional performance criterion. Examples of these sub-criteria include
wages, production, quality of work, rate of acquisition of new skills, supervisory
judgments, knowledge, job tenure, supervisory and leadership ability, job satisfaction,
and amount of supervision required. It is from these initially identified sub-criteria that
later researchers more easily understood the complexity and unattainable nature of an
ultimate criterion.

Building upon the work of Toops, Thorndike (1949) proposed an ultimate
conceptual criterion and contrasted it with an intermediate criterion. His emphasis was
not on how employees are rated for their performance, but instead with how employees
actually perform. Thorndike’s ultimate criterion accounts for every possible factor that
influences job performance (noise in the work environment, job tenure, motivation, job
satisfaction, knowledge, every behavior performed by the employee, etc.). The ultimate
criterion would also account for an individual’s performance throughout that person’s
entire tenure in a specific job. According to Thorndike, to identify an ultimate criterion, a
group of the most qualified subject matter experts (SMEs) would have to provide every
possible objective, related behavior, and weights for each behavior for a particular job
and come to unanimous agreement. As Thorndike details, this process alone has the
potential to be drawn-out, laborious, and impractical to the needs of organizations.

Thorndike’s (1949) intermediate criterion, on the other hand, is not as
comprehensive as an ultimate criterion but is more feasible to attain. Intermediate criteria
are intended to capture as much of the conceptual space of the ultimate criterion as is
reasonable. Although, Thorndike does not elaborate on what he means by “reasonable,” a

literal interpretation may be identifying the point at which measuring additional
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behaviors no longer adds to the incremental validity of the measurement of job
performance. In other words, it is that point where there no longer is a difference between
job performance ratings that include X number of behaviors versus X+1 number of
behaviors. For example, if there is no difference in job performance ratings that comprise
five behaviors versus six behaviors, but there is a difference between measuring four
behaviors and five behaviors, the intermediate criteria may be best conceptualized as
comprising only five behaviors. Furthermore, it may be possible to capture a great deal of
ultimate criterion space. However, just because something is possible does not make it
practical. In turn, “reasonable” may also refer to a non-scientifically derived judgment
that needs to be made by organizations about the point at which the organization thinks it
will cost them more money and time than they deem necessary to adequately measure
performance.

Thorndike (1949) also specifies that an intermediate criterion captures part of the
ultimate criterion and includes measurement of a behavioral component and a time
component. This means that a behavior must be measured at multiple points across time.
As a contrast between an ultimate and intermediate criterion, consider the work of a heart
surgeon. Comprising an ultimate criterion, over the course of a surgeon’s entire career,
there are many possible types of heart-related surgeries that the surgeon must be able to
perform, a number of complications that might be encountered during surgery, skills and
abilities to work as part of an interdependent team, as well as many additional factors.
Using an ultimate criterion that comprises all factors of performance a surgeon could
experience would not be possible. Conversely, it would not be wise to evaluate the

performance of the heart surgeon based solely on a performance during only one type of
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heart surgery at one point in time. Yet, an intermediate criterion provides a sensible
compromise between these two alternatives. For instance, one could comprise a list of the
most common heart surgeries and most common complications and measure a surgeon’s
performance during these surgeries within a specific period, such as within a one-year
span. Measurement of these factors would meet the requirements of an intermediate
criterion.

According to Thorndike (1949), there is a third type of criterion, which he refers to
as an immediate criterion. It is easiest to understand this type of criterion as an
intermediate criterion lacking measurement across time. An immediate criterion would
include the measurement of multiple behaviors related to the theoretical ultimate
criterion, but these behaviors would be measured only at one point in time. This would be
comparable to measuring a surgeon’s performance based on multiple behaviors
demonstrated during only one surgery. In terms of quality, the immediate criterion may
be considered acceptable in some situations, the intermediate criterion better, and the
ultimate criterion the best, albeit unattainable.

Thorndike (1949) also challenged developers of intermediate criterion to think
logically and rationally when choosing a set of behaviors and a time interval.
Considerations should include the ease and feasibility of measuring the behavior and the
expected interrelationships between behaviors. Ideally, related behaviors should correlate
strongly and unrelated behaviors should not correlate. This recommendation is also
observable during the 1960’s when measurement of job performance becomes the
emphasis of research. Research focused on measurement of job performance began by

not only improving the validity and reliability of measuring job performance, but also
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focused on constructing measures that were logical and easy for organizations to
implement and leverage. Thorndike’s theoretical conceptualization of performance
criteria and his related recommendations are among the most influential work in this area.
While these practices may seem to be lacking scientific rigor by today’s standards,
Thorndike’s proposed approach to developing performance criteria is consistent with the
standards of present-day criteria development (Hoffman et al., 2012). Present-day
approaches to criteria development will also be discussed further when reviewing
methodological advancements in measuring job performance.

Progressing through time and approaching the methodological revolution of job
performance, Brogden and Taylor (1950) advanced understanding and differentiation
between Thorndike’s ultimate criterion and what is actually measured. Brogden and
Taylor proposed that job performance could be comprised of two main parts, actual
performance and theoretical performance. Actual performance is everything measured or
operationalized as job performance. This is conceptually similar to Thorndike’s
intermediate criterion. Theoretical performance is conceptually similar to Thorndike’s
ultimate criterion. The unique contribution that Brogden and Taylor provided is in how
they explained the relationship between ultimate and actual criteria.

In Figure 3, the space to the far left that is labeled criterion deficiency represents the
portion of the ultimate criterion that is not measured by the actual criterion. Criterion
deficiency is everything related to the ultimate criterion that is not being measured. As a
brief example, if a heart surgeon’s performance were measured based on one procedure,
performance in all of the procedures not measured would fill the criterion deficiency

space.
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Ultimate

Criterion
Criterion Criterion Criterion
Deficiency Relevance Irrelevance

Figure 3. Relationship Between Ultimate and Actual Criterion.

The space on the far right in Figure 3 is criterion irrelevance, sometimes referred to
as criterion contamination. It represents the portion of actual criterion measured but not
related to the ultimate criterion. Criterion irrelevance represents the unintended
measurement of things not related to performance. In measurements of job performance,
this represents error. The vast amount of job performance research during the 1960’s
focused on the methodology of measuring job performance as well as specifically
reducing error (criterion irrelevance) in job performance measurement (Hoffman et al.,
2012; Murphy, 2008). An example of error would be bias introduced by a rater, such as
Halo Error. Halo Error occurs when a rater observes an employee performing one
behavior well and then provides positive ratings for all behaviors (Balzer & Suisky,
1992). Observing an employee performing one behavior well can act as a lens to interpret
other behaviors. Bias such as Halo Error can act as a contaminant (criterion irrelevance),

effectively distorting ratings (actual criteria).
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The overlapping space in the middle of Figure 3 is criterion relevance and
represents how much of what is measured is actually related to job performance.
Criterion relevance is the part of the ultimate criterion that is actually measured. It is easy
to conceptually pull apart criterion relevance and criterion irrelevance, but in practice,
this is much more difficult. For instance, measuring a surgeon’s success based on the
execution of certain techniques during surgery may fall into the criterion relevance
category, but the performance ratings made by the person observing the surgery and
evaluating the surgeon’s execution of certain techniques could be impacted by many
different types of error. For example, if the rater recently watched a different surgeon
misuse techniques that resulted in a fatality, then other surgeons also receiving ratings
may appear to perform a great deal better in comparison, even if their performance is
only a little bit better. This is why the actual criterion is comprised of both criterion
relevance and irrelevance.

Brogden and Taylor (1950) seemed to agree with Thorndike about his ultimate
criterion, but as Figure 3 demonstrates, both sets of authors likely differed on their views
of actual performance criteria. Thorndike argued that intermediate or an actual criterion
captures a portion of an ultimate criterion. Brogden and Taylor seemed to agree that an
actual criterion is only measuring a portion of an ultimate criterion, but that an actual
criterion is also measuring irrelevant criteria that are not related to the ultimate criterion.
Anything measured as part of an actual criterion that is not part of the ultimate criterion is
error.

The primary point is that measures of job performance, because of how they are

operationalized and measured, will likely introduce some amount of error. This applies to
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all forms of measurement (Borman & Motowidlo, 1997; Heneman, Moore, & Wexley,
1987; Landy & Farr, 1980; Murphy, 2008). It is the role of researchers and practitioners
to limit the amount of contamination or error and to increase the validity of the
measurement. When trying to measure job performance, it is the duty of researchers and
practitioners to ensure that job performance is what is actually being measured.

As aresult of theoretical contributions made from Toops (1944), Thorndike (1949),
and Brogden and Taylor (1950), among others (e.g., Bolanovich, 1946; Creager &
Harding, 1958; Ewart, Seashore, & Tiffin, 1941; Grant, 1955; Wherry, 1952), it became
clear to researchers and practitioners alike that more emphasis needed to be placed on
improving the measurement of job performance. In turn, the coming decades from the
1960’s forward are characterized by an emphasis on improving how practitioners
develop, implement, and measure job performance in organizations. In decades following
methodological advancements of measuring job performance, the emphasis evolves to
focusing on further reducing error introduced into the measurement of job performance
by individual raters of performance.

Improving Methods and Tools for Measuring Job Performance

Thus far on the historical journey of job performance from the nineteenth century
up to the early 1960’s, there has been emphasis placed on maximizing outputs as well as
on trying to predict job performance by developing psychometrically sound selection
tests (Schmidt & Hunter, 1998). To validate and demonstrate the value of job
performance predictors, job performance had to be measured. This led to conceptual
explorations of job performance and an interest in determining what should be measured

and considered job performance. Initial conceptual explorations resulted in vast
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conceptual improvements around what job performance is and what it is not. Yet, up to
the early 1960’s there had not been much advancement related to how job performance is
measured and the tools that were available to raters of job performance, especially in
comparison to the rigor subjected to predictive employment tests. In turn, predictive
validities of employment tests remained fairly low (Schmidt & Hunter, 1998). However,
now armed with a better theoretical understanding of job performance, I-O Psychologists
were able to start to direct focus on improving the measurement of job performance.

As research up to the early 1960’s had worked towards disentangling conceptﬁal
issues surrounding job performance, I-O Psychologists in the early 1960°s onward began
to place more emphasis on improving the measurement of job performance. For instance,
Dunnette (1963) began arguing that current measures of that time were unreliable and not
valid measures of performance. Measures of job performance up to that point in time
provided inconsistent ratings and were very contaminated with error (i.e., considerations
unrelated to job performance or irrelevant criteria). Other researchers during this time
such as Campbell, Dunnette, Lawler, and Weick (1970) also begin to shift the focus of
what measures of job performance should be capturing, away from outcomes as
indicators of performance and more toward behaviors as indicators of performance.
Campbell and colleagues argued that job relevant behaviors were less contaminated with
irrelevant criteria, such as environmental factors, than more common criteria of the time,
such as performance outcomes. Rating performance based on behavior, however,
presented its own challenges. For example, to provide ratings of job performance based
on behavior, raters were required, which introduced human error. Additional researchers

also began to search for alternative ways to measure job performance, beyond measuring
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mere performance outcomes, which included attending to environmental and other
extraneous factors.

Remnants of early research that began the transition period from disentangling
conceptual issues to focusing on methodological concerns trace back in time to Wherry
(1952). Wherry drew from previous research done in psychometrics and cognitive
psychology to develop a systematic procedure for rating job performance. This system
involved observing employees, parsing observations, and making quantitative ratings.
Where previous research had focused on outcomes as objective indicators of job
performance, Wherry attempted to take subjective observations of behavior and
methodically make them more objective. Unfortunately, Wherry’s ideas may have been
ahead of his time. While his ideas were novel, they gained little traction in advancing this
line of research during the 1950’s.

Research emphasizing the assessment of behavior over outcomes did not gain
traction until approximately a decade later, in the 1960’s, when P. C. Smith and Kendall
(1963) introduced behaviorally anchored rating scales (BARS). BARS are used to make
objective ratings of job performance based on behaviors performed by employees instead
of making ratings based on outcomes. BARS are job performance ratings scales that are
comprised of behavioral examples of varying levels of job performance. Each BARS
would typically include three to five behavioral examples of performance related to a
specific dimension of a job, ranging from poor to excellent performance. Raters select the
behavioral example that best resembles the employee’s actual behavior. Seminal research
by P. C. Smith and Kendall on BARS essentially prompted an entirely new vein of job

performance research. Thus, Wherry (1952) laid the groundwork for P. C. Smith and



35

Kendall development of an easy-to-replicate process for developing a tool that could be
utilized by practitioners.

BARS have made a large impact on the science and practice of assessing job
performance because BARS are prescriptive and because they drew on other common
practices that were already well established at the time (e.g., job analysis; Flanagan,
1954; Levine, Ash, Hall, & Sistrunk, 1983). The method for developing BARS, as
prescribed by P. C. Smith and Kendall (1963), built directly on common job analysis
practices of that time, interviews with subject matter experts (SMEs). SMEs are people
who are knowledgeable about the job of interest. SMEs are typically job incumbents who
have experience in a given job or managers of the job of interest.

Given that BARS draw on other common practices, they are considered fairly
convenient and intuitive to use in practice. This is demonstrated by how quickly
managers were to adopt BARS in practice and by BARS current wide spread use today
(Debnath, Lee, & Tandon, 2015). The convenience and the clear relevance of BARS give
them many advantages over the use of outcomes for measuring job performance. For
instance, one advantage BARS are believed to have over the use of outcomes when
measuring job performance is that BARS are believed to possess less criterion irrelevance
than outcomes (Landy & Farr, 1983; Murphy & Cleveland, 1995). Secondly, BARS
focus on behaviors that employees can demonstrate. Even if an employee demonstrates
good behavior, the outcome may not always reflect behavior when measuring outcomes
(Aguinis, 2013). As a result, BARS are more likely to be readily accepted by employees
that are receiving ratings on BARS because they focus on measuring behavior that is in

the control of employees, as opposed to outcomes. The bottom line is that BARS are
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perceived as more fair to employees as an indicator of job performance (Dickinson &
Zellinger, 1980).

The observation and measurement of behavior is also more applicable and easily
implemented across a larger variety of jobs (e.g., industrial and office jobs) than the
measurement of outcomes. Until the 1950’s, the United States had a fairly industrialized
workforce. During the 1950’s and early 1960’s, as the United States’” economy
strengthened post-WWII, more office jobs were created. This resulted in a need for
different method for measuring performance. Office jobs, for instance, do not necessarily
have clear and easily measurable performance outcomes. However, all jobs require
employees to demonstrate behaviors that can be classified by SMEs as reflecting various
levels of performance.

Following the creation of BARS, similar graphical rating scales were also proposed,
such as Behavioral Observation Scales (BOS; Latham & Wexley, 1977). BOS are similar
to BARS in the sense that both rely on behavioral descriptions to judge performance.
BARS have three or more incremental behavioral statements related to one behavior and
performance raters choose one behavioral description that best describes an employees’
performance. BOS, on the other hand, may have three similar behavioral descriptions that
ask a rater to provide one through five ratings for each. For example, managers would be
presented with a behavioral description and would have to rate an employee based on
how often they display the behavior, one ‘never’ through five “always’. BOS are likely to
use multiple items that all measure similar behaviors. This results in multiple numerical
ratings for similar behaviors, which allows for increased certainty in the reliability of

measurements.
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To summarize, the main difference between BARS and BOS is that BOS present
one descriptive behavioral anchor and require a numerical rating related to that behavior,
whereas BARS present multiple descriptive and incremental behavioral anchors within
one item and force raters to choose the best anchor. Research has demonstrated, however,
that despite the differences between BARS and BOS, no single rating format results in
superior ratings (Jacobs, Kafry, & Zedeck, 1980).

In general, BARS, BOS and other similar scales tend to result in similar ratings of
job performance irrespective of specific format (Greene, Bernardin, & Abbott, 1985;
Jacobs et al., 1980). Since their inception, behavioral scales have continued to grow in
popularity among managers. However, many different methods have been developed
over approximately the last half-century. The most common methods still in use today
will be discussed in the next section. Each of the methods discussed has the potential to
provide different challenges related to exponential distributions of job performance. For
the current study, it is important to be aware of the advantages and disadvantages of each
behavioral method for assessing job performance in order to understand the challenges of
identifying exponential job performance distributions.

Most Common Methods for Measuring Job Performance

There are two main groups of behavioral methods that are typically utilized to
measure job performance. These are comparative and absolute ratings. BARS are a form
of absolute rating, meaning that an employees’ performance is only measured against
himself or herself (Wagner & Goftin, 1997). Other forms of absolute methods include
essays or free form text reviews of employee performance provided by managers and

critical incidents, which require managers to provide specific examples of especially
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effective and ineffective behaviors. Comparative methods, on the other hand, require
raters to make judgments on employee performance relative to other employees (Wagner
& Goftin, 1997). An example of a comparative method is the simple rank order method.
Bernardin & Wiatrowski (2013) describe this method as one that requires raters to
generate a list of all employees, identify the best performer, and rank that employee as
number one. Once an employee receives a ranking, he or she is removed from the list,
and the rater identifies from the list of remaining employees, the next top performer and
SO on.

In order to discuss the advantages and disadvantages of comparative and absolute
methods and how they may affect the shape of a performance distribution, it is important
to have a basic understanding of various types of absolute and comparative methods.
Having a basic understanding will allow for critical evaluation of the advantages and
disadvantages of each method. In turn, the following sections list different types of
absolute and comparative methods and provide basic descriptions and examples of each.
Absolute Methods

Essays. Essays are likely an uncommon form of assessing job performance. They
typically consist of a narrative written by an employees’ manager about ones’ job
performance (B. N. Smith, Hornsby, & Shirmeyer, 1996). Essays provide deep insight
into an employee’s job performance, but require a lot of time on the part of managers
(Huber, 1983). As a result, they lack practicality. The other main disadvantage of essays
is that they are not standardized, which makes it very difficult to make comparisons
between employees (Brutus, 2010). Being able to easily compare employees is important

when making employment decisions (e.g., deciding who should receive a promotion or a
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raise relative to other employees). Although not an essay, many other types of numerical
ratings that are provided by managers may be accompanied by a few additional free form
sentences about an employee’s job performance.

Critical incidents. Critical incidents are also very time consuming for managers.
According to Flanagan (1954), the critical incidents method requires managers to observe
the behavior of employees and record across time specific behaviors they see as being
especially effective or ineffective. These examples are then used to provide feedback to
employees. Critical incidents on their own can be laborious for managers and can also
make it difficult to make comparisons between employees, which is something managers
typically need to do when identifying employees for promotion or rewards. Instead of
leveraging critical incidents as a method for providing ongoing performance ratings, they
may be done once by multiple SMEs and then used to create BARS or BOS (Bernardin &
Smith, 1981). In terms of performance management, critical incidents and essays are not
very practical to perform on a regular basis, but can result in very rich descriptive
behavioral examples that can be used to help facilitate performance feedback to
employees and subsequently be invaluable to the development of employees.

Comparative methods. In opposition to absolute ratings of job performance,
comparative measures, as the name implies, relies on relative comparisons to be made
between employees to determine the performance of each individual employee (Wiese &
Buckley, 1998). Examples of these systems include simple rank order, alternating rank
order, paired comparisons, relative comparisons, and forced distribution.

Simple rank order. According to Aguinis (2013), the simple rank order method

requires managers to sit down with a list of their employees and simply rank order them



40

from best to worst. A manager would begin by identifying the top performing employee
and ranking that employee as first. Then the manager would look through the remaining
list of employees and identify the next top performer. That employee would receive a
two. This process would be repeated until all employees have been rated.

Alternating rank order. The alternating rank order method is very similar to the
simple rank order method. According to Miner (1988), to use this method a manager
would again begin with a list of employees. Then the manager would identify the top
performer in the list. Then, instead of identifying the next best performer, the lowest
performing employee is identified and put at the bottom of the list. Once the manager has
identified the best performer and lowest performer, the manager identifies the second best
performer and the second lowest performer. This process continues until the manager has
ranked all employees on the list.

Paired comparisons. The paired comparisons method was presented by Siegel
(1982) and takes a unique approach relative to the simple rank order and alternating rank
order methods. Based on the method used by Siegel, a manager would need to write out
every possible comparison between all employees. The manager then reviews all possible
comparisons and choosing the top performer in each comparison. In every comparison,
the top performer should receive a score of one while the other employee receives a score
of zero. The score of every employee across all comparisons is then summed. The higher
the total score of an employee, the higher the ranking.

Relative percentile. In general, the relative percentile method asks managers to
consider the job performance of all employees simultaneously (Goffin, Jelley, Powell, &

Johnston, 2009). Ideally, the manager would be able to identify the employee that is
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directly in the middle of the job performance distribution relative to all other employees
(Goftin, Gellatly, Paunonen, Jackson, & Meyer, 1996). Once an employee is identified as
a midpoint, the manager is to assume that fifty percent of remaining employees should
have better performance and fifty percent of remaining employees should have lower
performance (Goffin et al., 1996). The manager then could repeat this process for the top
fifty percent of employees and the bottom fifty percent of employees (Goffin et al.,
2009). This process could be repeated until all employees have been relatively assigned
(Goffin et al., 1996).

Forced distribution. The final comparative method of assigning job performance
ratings is the forced distribution method. This method typically leverages the assumptions
of normal distributions (Blume, Baldwin, & Rubin, 2009; Stewart, Gruys, & Storm,
2010). However, this method could also assume a distribution of any shape. For example,
using a five-point rating scales, managers are instructed that sixty percent of employees
must receive ratings of three, eighteen percent of employees must receive ratings of two,
eighteen percent must receive ratings of four, two percent must receive ratings of one and
two percent must receive ratings of five. This method is not exclusive, meaning that it
does not need to be the only method utilized, it can be paired with other methods
(Chattopadhayay & Ghosh, 2012). For example, forced distribution instructions could be
applied to the instructions provided with a BARS or BOS. In such instances, managers
may start by providing an absolute rating using BARS or BOS and then attempt to force
each employee into a pre-specified distribution. While placing employees into the pre
specified distribution, managers may have to go back and change their initial ratings for

some employees so that the requirements of the distribution can be met.
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Comparing Absolute and Comparative Methods

Understanding the advantages and disadvantages of each method makes it easier to
understand the impact that each rating method can potentially have on resulting
distributions of job performance. Some advantages of comparative methods include that
they are fairly straightforward and easy to explain to managers as well as to employees.
Comparative methods also make it clear how an employee’s performance relates to other
employees’ performance (Goffin et al., 1996). This makes it easy to identify and justify
which employees are more deserving of pay increases, bonuses, promotions, etc., based
on performance. Another advantage of comparative methods is that they can help control
for various rater errors or biases that influence ratings of job performance, and resulting
distributions of job performance. Much of the research on rater error and biases occurred
in decades following methodological advancements in how job performance is measured.

A commonly noted disadvantage of using comparative systems is that relative to
absolute methods, little research has been conducted on them (Goffin et al., 2009).
Second, typically when comparative methods are implemented as the sole method for
rating job performance they focus only on overall ratings of job performance (Wagner &
Goffin, 1997). From research on criterion theory, as discussed previously, job
performance is complex and is comprised of many different factors across time. As a
result, it may be difficult for raters to provide accurate overall measures of job
performance. This is in opposition to absolute methods such as BARS or other graphical
rating scales, which typically result in many ratings on multiple types of behaviors (P. C.
Smith & Kendall, 1963). However, absolute ratings can also result in only one overall

rating of job performance given at a single point in time.
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Another drawback to comparative methods is that they result in employee job
performance rankings, but not necessarily actual scores, unless used in tandem with an
absolute method. This means that the rankings that result from using comparative
methods assume equal distance between rankings, although this may not be true (Aguinis,
2013; Murphy, 2008; Stewart et al., 2010). The top performer may be twice as good as
the second best performer and the second best performer may be three times as good as
the third best performer.

As a result, this means that the distribution of performance may be greatly distorted.
As a result, the benefits that exponential distributions of job performance may offer, such
as better differentiation between high and low performers, are potentially lost if
comparative methods are utilized to measure job performance.

Absolute rating methods, on the other hand, do offer the unique advantage of not
being bound necessarily by the constraints of a normal distribution or some other
prescribed distribution. When leveraging absolute ratings of job performance, each job
incumbent receives a rating of job performance, which can be plotted. This allows
underlying distributions of job performance to be evaluated. Absolute ratings are able to
represent any type of distribution. Therefore, if job performance does better represent an
exponential distribution rather than a normal distribution, absolute ratings are more likely
to provide such evidence beyond what comparative methods would be able to
demonstrate.

In addition to the unique advantages and disadvantages of comparative and absolute
methods already discussed, absolute and comparative methods also share a common

disadvantage. Both methods rely on subjective evaluations or ratings by design. While
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the limitations of subjective methods were alluded to earlier, a more thorough discussion
of the potential errors/biases inherent in subjective evaluations is needed. The key
takeaway is that job performance is complex and any method used to make ratings of job
performance has its own set of issues. No method for rating job performance is without
error. It is important to remember that all job performance ratings are only indicators of
actual job performance plus criteria irrelevance.
Error Introduced by Raters

Rater error is error introduced to the measurement of job performance by the person
providing ratings. Research on rater error initially became very popular in the 1980s as a
direct result of a scathing critique of job performance rating methods provided by Landy
and Farr (1980). Landy and Farr argued that no method for measuring job performance
was accurate because they fail to account for a multitude of additional factors that may
influence ratings of job performance. The factors discussed by the authors included the
cognitive processes used by raters while providing ratings of job performance. These
cognitive processes often result in error in the measurement of job performance. There
are many kinds of error that raters may inadvertently introduce to the rating process, such
as similar-to-me errors, contrast errors, leniency errors, central tendency errors, severity
errors, halo errors, and many others. Neither comparative nor absolute rating methods are
void of rater error. Although some methods, such as comparative methods, are more
resistant to certain types of error such as leniency, severity, and central tendency errors
(Stewart et al., 2010). To varying degrees, rater error can affect any tool that requires a
human to make judgments (Landy & Farr, 1980). Furthermore, it is likely that no tool

used to measure job performance that requires raters to make judgments is devoid of all
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rater error (Austin & Villanova, 1992). As briefly acknowledged above, some rating
methods such as the forced distribution method may be less susceptible to certain types of
rater errors. However, methods less susceptible to certain types of rater errors do still
present their own unique set of challenges. For example, the forced distribution method
may only be successful if the prescribed distribution actually represents a true
performance distribution (Boyle, 2001; Murphy, 2008; Scullen, Bergey, & Aiman-Smith,
2005; Stewart et al., 2010).

Most Common Rater Errors

Similar-to-me error. Similar-to-me errors occur when managers give higher job
performance ratings to employees that they view to be more like themselves (Latham,
Wexley, & Pursell, 1975). This also means that employees that have less in common with
their managers may receive lower job performance ratings (Rand & Wexley, 1975). For
example, if a manager enjoys fishing as a hobby, the manager may engage in
conversations with select employees that also like fishing and as a result provide
employees that like fishing, better performance ratings than employees that do not enjoy
fishing. If this happens, error is introduced into the rating process as irrelevant criterion,
because something other than job performance is being captured in the job performance
rating.

Contrast error. Contrast errors occur when a manager unintentionally makes
comparisons between employee’s levels of performance, which can affect and magnify
differences in job performance ratings (Palmer & Feldman, 2005). As an example,
imagine a manager with two employees to rate. Employee A is a star performer and

deserves a rating of five out of five. Employee B is an above average performer and
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deserves a rating of four out of five. While providing ratings, the manager may rate
Employee A first and provides a rating of five. While providing performance ratings for
Employee B, the manager unintentionally makes comparisons between Employee B’s
performance and Employee A’s performance. This comparison magnifies the difference
in performance between Employee A and Employee B. This results in a rating of three
for Employee B. Although Employee B is truly an above average employee and deserves
a rating of four out of five, the lower rating is due to a comparison to Employee A and
not related to Employee B’s true performance.

Contrast errors could also result in an employee receiving a rating of job
performance that is higher than his or her actual performance (Maurer & Alexander,
1991). For example, Employee A could be an average performer and Employee B could
be a below average performer. If a manager compares Employee A and Employee B
side-by-side, Employee A could appear to be a much better performer than Employee B.
The result would be Employee A receiving a rating of four when his or her performance
more accurately deserves a rating of three.

Leniency error. Leniency errors can occur for many reasons and happen when a
manager rates employees very favorably, even when employees do not perform favorably
(DeCotiis, 1977; Saal & Landy, 1977). If a manager injects leniency error into his or her
ratings it may be negatively skewed. Negatively skewed means that the majority of
ratings would be very positive (fours and fives) and only a few ratings would be found on
the lower end of the scale (ones and twos). There may be virtually no ratings on the left
side of the scale — most employees would receive positive ratings, primarily fours and

fives. A common reason this occurs is because managers may want to make themselves
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look better, where better performance of subordinates results in a better reflection on the
manager providing ratings (Klimoski & Inks, 1990). This type of error may also be easier
to identify because, if present, the distribution of job performance may be leptokurtic and
negatively skewed (Landy, Farr, Saal, & Freytag, 1976). Although, this does not mean
that every distribution of job performance that is leptokurtic and negatively skewed is
plagued with leniency error. It is possible that a distribution of job performance with
these characteristics also resembles a distribution of job performance measured without
leniency error. For instance, a rater may inject leniency error for only or two employee
ratings, because some employees do not respond well to negative ratings and the manager
providing the ratings may want to avoid conflict. In which case, leniency error may not
be discernable by the resulting distribution of job performance. Regardless, leniency error
may only be present for one or two employees and not always easily discernable by
viewing a distribution of performance ratings (Sharon & Bartlett, 1969).

Severity error. Severity errors are the exact opposite of leniency errors (Saal et al.,
1980). This type of error can also be flagged in severe cases once ratings of job
performance are reviewed holistically as a graphical distribution. This type of error may
also be less common, but results when a manager provides low ratings of job
performance even when employees deserve higher ratings (Lunenburg, 2012). At first
pass, this may sound very similar to the exponential distribution. However, the case of
severity error is distinct for two reasons. First, in extreme instances of severity error, the
resulting distribution will have virtually no ratings above the midpotint on the rating scale
(Bernardin, LaShells, Smith, & Alvares, 1976; Sharon & Bartlett, 1969); whereas the

exponential distribution will. In an exponential distribution that accurately reflects job
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performance it would be expected that the majority of employees would be around the
mid to low points of the rating scale, virtually no employees on the lowest end of the
scale, and a fairly large number of employees above the midpoint of the scale.
Additionally, if severity error is present in a distribution there will likely be very limited
variance in ratings, this is something which can and should be tested (Borman &
Dunnette, 1975; Saal et al., 1980). The second major difference is that a distribution that
results from severity error is the result of rater error operating at an individual level (i.e.,
most individuals are down-rated), whereas an exponential distribution should result from
accurate ratings of job performance. Additionally, similar to leniency error, severity error
may only occur for a few employees. For instance, if a manager wants to “send a
message” to a certain employee that he or she needs to improve performance a manager
may provide an underserved exceptionally low rating.

Central tendency error. There is also a third related type of rater error that resides
in-between leniency and severity error known as central tendency error. Central tendency
errors result when a manager provides most employees with a rating that is equal to the
midpoint of the rating scale that is being used and virtually no employees receive ratings
above or below the middle point on the rating scale (Aguinis, 2013). This is different
from a normal distribution because there are an extreme number of employees that
receive a mid-point rating. In the case of central tendency error, even employees that
deserve higher or lower ratings would still receive the midpoint rating (Lunenburg,
2012). A normal distribution would still consist if a sufficient and equal number of
ratings above and below the midpoint. Furthermore, in less extreme instances of central

tendency error a normal distribution could result because the rater may be unsure of an
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employee’s true performance level and defer to giving that employee a rating equal to the
midpoint. Therefore, if a distribution is normally distributed, central tendency error could
still be present. Similar to most rater errors that may influence performance ratings,
central tendency error could result for many different reasons. Central tendency error
may commonly result because of organizational norms or suggested distributions of
performance that a manager is expected to follow. This may be an additional justification
for organizations to not suggest or attempt to force distributions of job performance.
When organizations suggest or reccommend that managers provide ratings, which
resemble a specific type of distribution, they may introduce additional types of rater error
into ratings of job performance.

A potentially effective way to check for any extreme instances of these three errors,
severity, leniency, or central tendency is through evaluating the variance associated with
the ratings assigned by each rater (Borman & Dunnette, 1975). When there is less within
rater variance, one of these types of errors may also be present. Evaluating the amount of
variance, however, may only work in the most extreme cases. Leveraging the variance
technique to check for extreme instances of these errors would entail calculating the
standard deviation, which is a function of variance, for each rater and evaluating the
standard deviation in relation to the mean (Borman & Dunnette, 1975; Saal et al., 1980).
If there are a few number of raters that appear to have less variance than the majority of
raters, the raters with smaller variances may be adding leniency, severity, or central
tendency error to his or her ratings.

Halo/Horns error. Halo/Horns errors are two types of different, but closely related

errors. Halo and horns errors are also similar to, but distinct from, leniency and severity



50

errors. Halo error occurs when a rater provides positive ratings on all attributes being
measured for an employee because the employee performs one attribute very well (Balzer
& Sulsky, 1992). The rater makes the assumption, which results in error because the
employee is really good at one thing (King, Hunter, & Schmidt, 1980; Lance, LaPointe,
& Stewart, 1994). Similarly, Horns error occurs when a rater attributes an employee’s
negative performance on one task to being generalizable across all tasks (Turnipseed &
Rassuli, 2005). As a result, the rater assumes that the employee performs negatively on
all tasks because of how the employee performs one specific task (Turnipseed & Rassuli,
2005). Halo/Horns errors may be more likely to occur when raters only have an
opportunity to witness first hand some of an employee’s behavior. Halo and Horns errors
along with the remaining types of errors that will be discussed are even more difficult to
identify statistically.

Negativity error. Negativity error is similar to Horns error. Negativity error occurs
when a rater places a greater emphasis on negative behaviors than positive behaviors
(Ganzach, 1995; Skowronski & Carlston, 1989). For instance, when providing an overall
performance rating for an employee a rater may recall an equal number of positive as
well as negative examples of behaviors, but instead of weighting both types of examples
equally, the rater weights the negative behaviors higher than the positive behaviors,
which results in a lower than deserved rating of job performance for the employee.

Recency error. Recency error occurs when a rater bases all ratings for an employee
only on the employee’s most recent performance (Latham et al., 1975). For instance,
based on criterion theories such as Thorndike’s intermediate criterion, if an employee

receives a performance review once every year then the rater should provide ratings



51

based on performance across the entire year. Unfortunately, when recency error occurs, a
rater only provides ratings based on, for example, the employee’s last month worth of
performance or worse last week. As a result, not only is it important to train raters on this
potential error, but it is also important to develop job performance evaluation methods
that require raters to provide ratings at multiple points in time instead of one overall
rating after 12 months (Steiner & Rain, 1989). For instance, to subdue the effects of
recency error, raters may be asked to provide ratings using graphical rating scales such as
BARS, once a month or more realistically quarterly, over a period of 12 months. Scores
from each monthly or quarterly rating can then be aggregated to provide an overall
average yearly performance score that is less impacted by recency error. It is conceded
that each monthly or quarterly rating may still be impacted by recency error to some
extent; however, the more measurements that are made over time the more likely an
accurate measurement of job performance will be made by raters.

Primacy error. Primacy error can be understood, in some sense, as the opposite of
recency error. Instead of only accounting for the most recent performance of an employee
the rater only accounts for the employee’s performance during the initial phases of that
performance review period (Murphy, Balzer, Lockhart, & Eisenman, 1985). For example,
the rater may only recount the employee’s performance during the first week or two of
the performance-rating period. Again, to help reduce the potential impact of primacy
error, rater training as well as multiple measurements of job performance across time is
important (Steiner & Rain, 1989).

First impression error. First impression error, is also harder to counter with

measurement over time, making rater training again, even more important. First
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impression error is one reason that first impressions are so important. First impression
error occurs when a rater makes all future performance ratings based on his or her first
encounter of the employee (Latham et al., 1975). This type of error can be very hard for
an employee to overcome, which is why it is always important to strive to make a
positive first impression.

Stereotype error. Stereotype error is when a rater applies any type of stereotype
when making performance ratings for employees (Bauer & Baltes, 2002). Common types
of stereotypes that can occur include race and gender, but could also include other
stereotypes of things such as education (Dipboye, 1985; Ferris, Yates, Gilmore, &
Rowland, 1985; Rosen & Jerdee, 1976; Sackett, DuBois, & Noe, 1991; Schwab &
Heneman, 1978). A rater may have a negative view of women, believing that women are
not invested in their careers and that they are poor performers. On the other hand, a rater
may believe that employees with advanced degrees such as PhDs are only academic and
not business savvy, which results in low performance. As a result, the rater integrates
these personal beliefs into the rating process without regard for whether or not they
accurately reflect employees’ performance.

Attribution error. Attribution error is one of the most common errors that people
in general make about others (Feldman, 1981; Green & Mitchell, 1979; Mitcheil &
Wood, 1980). An attribution error occurs when a rater attributes an employee’s
performance directly to that employee’s behavior without considering the possibility that
the employee’s performance may more accurately be the result of additional factors not
under the control of the employee receiving the rating (Ilgen & Favero, 1985). As an

example, consider an employee that is responsible for producing monthly reports and
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consistently completes the reports late. The rater providing performance ratings may
automatically assume that the employee is lazy or does not manage well. In reality, the
reports are late because the employee relies on data that is provided late from another
employee. Thus, the employee being rated is not entirely responsible for producing the
reports late; instead, the reports are late because the employee does not have all the
resources needed in time to meet the deadline. This is an especially dangerous error
because the root of the problem may never be addressed and resolved. If the rater made
the correct attribution, then the rater could work with the employee to improve the
process instead of making the wrong attribution.

In summation, all of these forms of rating error can have a significant negative
impact on providing accurate ratings of job performance. Consequently, these errors can
also greatly impact the observed distribution of job performance. Additionally, many of
these errors are likely to be present in ratings of job performance simultaneously and to
varying degrees (Borman, 1977, 1978; Igbal, Akbar, & Budhwar, 2015; Viswesvaran et
al., 2005). For instance, spillover error and halo error could both be active during rating,
resulting in raters making overall positive job performance ratings based on an
employee’s past job performance, when in fact the employee is no longer performing as
well as he or she used to perform. Although rating error can have a great impact on the
accuracy of job performance ratings and resulting distributions of job performance, there
are also approaches available to help improve rater accuracy. In addition, there are
statistical methods and models available to help better identify and understand the impact
of errors in ratings of job performance (Feldman, 1986; Landy, Vance, Barnes-Farrell, &

Steele, 1980; Murphy, 2008; Schmidt, Viswesvaran, & Ones, 2000; Viswesvaran et al.,



54

1996; Viswesvaran et al., 2005). For example, the amount of measurement error in
ratings of job performance can be estimated and used to provide corrections for ratings of
job performance.
Modeling Error in Ratings of Job Performance

There are three main categories of models that can explain error in job performance
ratings. These three types of models are comprehensively reviewed by Murphy (2008)
and include One-Factor Models, Multi-Factor Models, and Mediated Models. These
types of models are very similar to classical test theory, where observed test scores are
the result of measurement error plus actual ability. The One-Factor Models posit that
performance ratings are the direct result of actual performance when accounting for
measurement error. Viswesvaran et al. (2005) conducted a meta-analysis on job
performance research spanning the previous century and found that, when accounting for
measurement error in predictors of job performance, job performance could represent a
unidimensional model. In this case, unidimensional means that all of the various complex
components of job performance are related and correlate strongly together into one
overall construct of job performance. This finding demonstrates that for most
performance measures, both objective and subjective, significant direct relationships
between predictors and measures of job performance can be made when accounting for
measurement error. This evidence provides direct support for One-Factor Models.

The second category of models is Multi-Factor Models, which treat performance

ratings as the result of actual performance, system characteristics, and individual
characteristics when accounting for measurement error (DeNisi, Cafferty, & Meglino,

1984; Landy & Farr, 1980; Wherry & Bartlett, 1982). This model corrects some of the
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issues mentioned in Landy and Farr's (1980) scathing critique of job performance
measures. Landy and Farr argued that there were no good measures of job performance
because measures of job performance include for a myriad of additional factors that
influence ratings of job performance.

The third category of models, Mediated Models, builds on Multi-Factor Models.
Similar to Multi-Factor Models, Mediated Models treat ratings of job performance as the
result of actual performance, system characteristics, and individual characteristics when
accounting for measurement error (Murphy, 2008; Murphy & Cleveland, 1991, 1995).
The difference is that Mediated Models also treat the relationship between these factors
and job performance as mediated by rater goals and intentions. While Multi-Factor
Models treat rater errors introduced into the measurement of job performance as the
result of unintentional cognitive process, Mediated-Models include intentional distortions
provided by raters as rater error in addition to unintentional errors. Murphy and
Cleveland argue that raters possess unique goals that may influence ratings of job
performance in addition to unintentional errors. As an example, consider the impact that
different organizational political factors may have on influencing a rater. To elaborate,
managers rating subordinates may want to create the image that they are good leaders by
artificially inflating the ratings of all subordinates. On the other hand, managers may
believe that their subordinates have too much work and that there is a need to hire
additional employees. As a result, managers may provide deflated ratings as additional
justification that their subordinates have too much work and cannot meet expectations

with current head count.



56

These three theoretical models of job performance ratings take different
approaches to the three main factors that may distort ratings of job performance. These
factors include measurement error, unintentional rater errors, and intentional rater errors.
Although not initially evident, Ones, Viswesvaran, and Schmidt (2008) argue that
One-Factor Models are sufficient and do account for both unintentional and intentional
sources of rater error. Regardless, the primary issue is still the same, there is always error
in the measurement of job performance. Despite this gloomy conclusion, there are
methods that can be used to help increase the accuracy of job performance ratings.

Rater Training

Although all types of rating errors can have a strong negative impact on job
performance ratings, there are techniques that can help counteract their impact. These
techniques do not safeguard entirely against rater error, but they can have a strong
positive effect, if implemented appropriately (Woehr & Huffcutt, 1994). The most
common method used to increase the reliability and validity of job performance ratings is
the use of rater training. Starting in the mid-to-late 1970’s and going through the
mid-1980’s, research emphasized the benefit of providing raters with various types of
training such as behavioral observation training, frame-of-reference training, and
calibration meetings (Bernardin & Buckley, 1981; Borman & Dunnette, 1975;
Ivancevich, 1979; Latham et al., 1975; Pulakos, 1984, 1986; Pulakos & O'Leary, 2011;
Roch, Woehr, Mishra, & Kieszczynska, 2012). These types of training may result in more
accurate measurement of job performance, which could mean more accurate
differentiation of employee performance and more accurate distributions of job

performance.
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Behavioral observation training. Behavioral observation training teaches raters
how to evaluate employee behavior (Noonan & Sulsky, 2001). Recall, many of the most
common methods for evaluating job performance, such as behaviorally anchored rating
scales, require managers to make ratings based on rater’s observations of employee’s job
related behaviors. These types of rating methods are most likely to be impacted by
unintentional types of error that are made while observing employees (Mclntyre, Smith,
& Hassett, 1984). Behavioral observation training aims to decrease the impact of
unintentional rating errors by teaching raters how to observe, store, and recall information
about employee performance (Latham et al., 1975). This means teaching raters about the
type of behaviors employees are most likely to display (Noonan & Sulsky, 2001). One
approach to observing employee behavior is the critical incidents technique, used in the
development of BARS or a BOS (Pulakos, 1986). This type of training teaches raters how
to watch for these behaviors and how to properly take notes about observed behaviors so
that notes can be referred to later on during formal rating processes. Behavioral
observation training also typically provides raters with guidance on how frequently to
take notes on behaviors (Thornton & Zorich, 1980). This is important because formal job
performance evaluations or ratings may only be administered once or twice a year, in
practice. As a result, raters may need to incorporate information about employee
behaviors that are up to a year old. Therefore, it is important that raters make
observations frequently and at appropriate intervals throughout the year. Behavioral
observation training teaches raters how to appropriately prepare so that more accurate
ratings can be made during the formal job performance rating process (Hedge &

Kavanagh, 1988).
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Frame of reference training. The second most common type of rater training is
“frame of reference” training. Frame of reference training attempts to make sure that all
raters of job performance are looking for similar behaviors and rating the same employee
behaviors similarly (Hauenstein & Foti, 1989; Mcintyre et al., 1984; Schieicher & Day,
1998; Sulsky & Day, 1992). Within organizations there are typically multiple employees
reporting to different managers, performing similar tasks. Thus, it is important that
different managers who are providing job performance ratings on similar tasks are
making ratings in a similar way. If two raters observe the same behaviors, but one rater
provides an employee a rating of two and another provides an employee a rating of three,
then the validity of the job performance rating system will be reduced (Pulakos, 1984;
Sulsky & Day, 1994). It is important that raters have a common frame of reference so that
while providing job performance ratings for employees, they provide similar ratings for
similar types of behaviors (Day & Sulsky, 1995; Pulakos, 1986; Stamoulis & Hauenstein,
1993; Uggerslev & Sulsky, 2008).

Frame of reference training can be broken down into five steps. The following
five steps are an example process that can be followed and are paraphrased from a similar
method used by Pulakos (1986).

1. The trainer explains each performance dimension on which the raters will have to
make judgments.

2. The trainer provides examples and discusses with raters the behaviors that illustrate
various performance levels. The purpose of this step is to have raters understand and

agree on behaviors that reflect various levels of effectiveness for different behaviors.
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3. Participants view video that includes behaviors reflective of various performance
dimensions. Raters are then required to provide performance ratings for the
employees in the video.

4. After all raters have made ratings, the raters share their ratings with the rest of the
group. A discussion should also occur, especially when there are discrepancies
between ratings so that the raters can further develop a common theory (reference) of
what behaviors reflect which ratings.

5. The trainer presents to participants the correct ratings. The trainer should also talk
through and provide explanations related to any discrepancies made by raters.

Calibration meetings. It is also important to note that frame of reference training is
different from another common practice that organizations may engage in known as
calibration meetings. A calibration meeting is a meeting that typically occurs after all
raters have already made ratings of job performance, but before sharing the ratings with
the employees. During the meeting raters discuss the ratings they provided and attempt to
develop a common standard of rating (Sammer, 2008). For example, raters may attempt
to reach agreement on what behaviors should signify a rating of three on a one through
five scale.

Calibration meetings are used to ensure that raters are providing similar ratings to
employees for similar types of behaviors (Park & Kim, 2013). Although calibration
meetings have the potential to provide similar results as frame of reference training,
calibration meetings may provide an additional opportunity for another type of error to be
introduced into job performance ratings. For instance, because calibration meetings take

place after initial ratings, there is a greater risk of raters reaching agreement on an
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incorrect common frame of reference. The second potential error may result from group
pressure. Raters may adjust ratings to reach group consensus based on group norms,
group dynamics, and or group pressure (Obidinnu, Ejiofor, & Ekechukwu, 2014). This
could result in adjusting accurate ratings to fit inaccurate group perceptions. There may
be group consensus, but the consensus may be inaccurate compared to initial ratings. This
means that raters may make accurate ratings of job performance, but then may introduce
new error into their ratings based on the views of other raters. It is also possible that
during calibration meetings raters end up better aligning and producing more accurate
ratings (Sammer, 2008). However, there is still the risk that group dynamics could
introduce new error to the measurement of job performance ratings. Thus, it may not
always be appropriate to take the added risk calibration meetings present. making it even
more important that raters receive frame of reference training regularly before evaluating
employee performance.

More research is needed on the impact and potential errors that can occur when
using calibration meetings. Despite the fact that calibration may introduce additional
sources of error in the actual measurement of job performance calibration is also likely to
have many positive effects for organizations (Obidinnu et al., 2014). Calibration can help
assure that monetary compensation is more uniformly distributed (Pulakos & O'Leary,
2011). Calibration can also help diminish perceptions of unfairness that employees may
have about performance rating systems (Pulakos & O'Leary, 2011). This is important
because if ratings are perceived to be unfair, employees are less likely to respect

performance rating systems and are more likely to feel dissatisfied and be potentially less
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engaged (Sammer, 2008). As a result, calibration may be advantageous for organizations,
but may ultimately introduce error into the measurement process.

By leveraging both frame of reference training as well as behavioral observation
training, the impact of various types of error can be reduced. As a result, the reliability
and validity of job performance ratings by multiple raters can be increased. However,
research has demonstrated the effects of these types of trainings can decay over time
(Ivancevich, 1979). Thus, it is important to provide periodic refresher training for raters.

Although, training can help reduce the impact error has on ratings of job
performance, it is important to reiterate that training does not guarantee valid and reliable
measurement of job performance. Following the surge of research on the benefits of rater
training during the mid-1970’s, Landy and Farr (1980) argued that research needed to
begin to shift focus from methodology (e.g., rating scales) onto raters and the potential
error that raters introduce to the rating process. Landy and Farr (1980) acknowledged that
rater training was positive, but that another issue still influenced ratings of job
performance during the decision-making process. Rater training helps to ensure that
raters have the skills necessary to make accurate ratings, but rater training does not
ensure that raters will make the decision to use the skills they have learned. In addition to
the common rater errors already discussed, Landy and Farr (1980) also argued that
research needed to focus on the decision-making processes used by raters while making
ratings. This resulted in a stream of research during the 1980’s and beyond focusing on

the cognitive processes underlying job performance ratings.
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Judgments Versus Ratings

By distinguishing between judgments and ratings, authors Murphy and Cleveland
(1991, 1995) explain the issues surrounding the decision-making process used by raters.
A judgment is a private type of evaluation of job performance that is made by raters.
Raters can make observations and conclusions about employee job performance.
However, judgments may be different from actual ratings of job performance that raters
share with employees. For example, a manager may believe that an employee is a top
performer, but the manager may only give the employee a three-out-of-five performance
rating. Unlike judgments, which are private evaluations of employee job performance,
ratings are public evaluations of employee job performance. Ratings, unlike judgments,
are more likely influenced by additional factors such as rater motivation (Murphy &
Cleveland, 1995). A judgment is closer to being a pure evaluation of job performance
than an actual rating of job performance (Murphy & Cleveland, 1991, 1995). When a
raters provides ratings of job performance they may not be motivated to provide the most
accurate rating of job performance for an employee (Wong & Kwong, 2007). For
instance, consider a manager who has five employees that all work on the same team.
Four of the employees perform at a high level of performance while one employee
performs at a mediocre level of performance. The manager, who provides ratings of job
performance, may be motivated to provide all five employees with higher ratings of job
performance because the rater is afraid of the discord that may result if only one
employee receives lower ratings. Managers who provide performance ratings may also be
motivated to inflate job performance ratings for employees depending on the

performance rating structure used. For example, if a manager’s job performance ratings
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are based, in part, on the performance of the ratings provided to his or her employees, the
manger providing ratings may also be motivated to inflate the job performance ratings
provided to his or her subordinates. The point is that the goals of raters can motivate
raters to introduce additional forms of error into their ratings independent of judgments
(Spence & Keeping, 2013; St-Onge, Morin, Bellehumeur, & Dupuis, 2009; Wong &
Kwong, 2007). This means that rater training may help raters to make better private
ratings of job performance, but that actual ratings of job performance may still be
distorted by motivations. As a result, a few authors have begun debating the merit of
providing any job performance ratings at all (e.g., Hantula, 2011; Hauenstein, 2011;
Jones & Culbertson, 2011; Mone, Price, & Eisinger, 2011; O'Leary & Pulakos, 2011;
Pulakos et al., 2015; Pulakos & O'Leary, 2011).
Alternatives to Traditional Ratings of Job Performance

Previous research has demonstrated the positive impact that rater training can have
on increasing the accuracy of job performance ratings; yet, some authors such as Pulakos
and O'Leary (2011) have argued that performance rating systems have strayed too far
from their original mark. Specifically, Pulakos and O'Leary (2011) argue that the original
goal of performance rating was to provide accurate ratings of job performance to
facilitate employee development and despite research attempting to reduce error in
performance measurement performance ratings systems have strayed too far from their
original mark. They further suggest that organizations may be better off moving away
from the use of formal job performance rating systems.

Given that ratings of job performance are notoriously inaccurate, time consuming,

and often occur only once or twice a year, it is difficult to use ratings of job performance
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to shape employee behavior. Yet, being able to provide employees with specific
examples of their performance can help inform employees about specific types of
behaviors they need to change to improve performance (Cannon & Witherspoon, 2005;
Kim & Hamner, 1976). This has led to arguments of doing away with performance
ratings in favor of other methods to improve employee performance for organizations. It
also leads to arguments in favor of not necessarily moving away from formal methods of
providing job performance ratings, but at least shifting the focus of performance
management from providing ratings to alternatives such as: improving communications
between employees and managers, building trust relationships, and delivering regular,
timely, and candid feedback (O'Leary & Pulakos, 2011). The main point of these
arguments is to shift the focus from evaluation, rating performance, to performance
management and improvement processes (Pulakos et al., 2015).

By assuming normal distributions of job performance and attempting to force or
“correct” ratings to reflect a normal distribution, additional error may be added to
distributions of job performance. Furthermore, as discussed earlier, if an exponential
distribution of job performance is observed, there may be many positive implications for
organizations, such as easier identification and better differentiation of higher performing
employees.

The current study will examine observed distributions of job performance,
accepting that job performance ratings possess a degree of error (Landy & Farr, 1980;
Murphy, 2008; Pulakos & O'Leary, 2011; Scullen, Mount, & Goff, 2000; Viswesvaran et
al., 1996; Viswesvaran et al., 2005), and apply statistical tests to address whether

observed distributions are better classified as normal or exponential. Being able to
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identify whether a distribution of job performance is normal or exponential will allow
organizations to interpret ratings differently. One inherent advantage of identifying
exponential distributions is the greater differentiation between top and bottom performers
within organizations (Aguinis & O'Boyle, 2014; Aguinis et al., 2016; O'Boyle & Aguinis,
2012). 1t is also important to note that the error found in normal versus exponential
distributions may also be meaningful. For instance, consider the following example of
missing data. When data are missing from statistical analyses, data may be missing at
random or missing in a meaningful way that may provide additional information. When
data are missing at random, additional information may not be derived, but when data are
missing in a meaningful way, it means that there may be a third unmeasured variable that
is reflected in the missing data (Roth, 1994). The same may be true of distributions of job
performance. The error in distributions of job performance that are not forced into a
specific distribution may be meaningful error, potentially reflecting a third variable that
was not directly measured. This error could be useful for organizations and researchers
alike when attempting to understand error in the measurement of job performance.
Distributions of job performance may vary in shape because of error. However,
ratings of job performance can become more accurate as a result of methods such as rater
training and calibration. Thus, if exponential distributions are identified, they could be
the result of a third factor such as the complexity of job performance. Job performance is
a complex construct made up of various lower order constructs such as task performance,
organizational citizenship behaviors, and counterproductive work behaviors (Borman &
Motowidlo, 1993; Kidwell & Bennett, 1993; Rotundo & Sackett, 2002; C. Smith, Organ,

& Near, 1983). Given that job performance is complex, it may be possible that varying
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distributions of job performance are due to the many different factors that make up job
performance. Job performance may be unidimensional, all lower order constructs of job
performance are correlated and reflect overall job performance; yet, job performance is
still complex because it is comprised of multiple lower order factors. As a result, varying
distributions of job performance may result because of the complexity of job
performance. For example, not all the factors that comprise job performance are captured
in each rating. Understanding the many different factors of job performance that are
detailed in the next section should help to better understand how the complexity of job
performance may impact ratings of job performance and ultimately observed distributions
of job performance.
Modern Conceptualizations of Job Performance

The history of job performance literature can be parsed into three main categories
that loosely fit chronologically: a) initial research defining and measuring job
performance, b) improving methods and the measurement of performance, and c)
contemporary conceptualization. During the early research on job performance, there was
a clear need to measure job performance, but no best way to measure it and no clear
understanding of it. This period (e.g., early 1900’s to the late 1950°s) also marked the
beginning of interest in studying various areas related to job performance, such as
methods to measure job performance as outcomes and conceptualizations such as
Thorndike’s Ultimate Criterion. The second period of job performance research, the
method and measurement era, is when large strides in tools used to measure job
performance such as graphic rating scales and a better understanding of the myriad of

errors that influence raters occurred. This era (e.g., the 1960’s throughout the 1980°s)
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established many of the best practices (e.g., rater training) that are still used today. The
late 1980’s mark the beginning of the third period in job performance research history,
contemporary conceptualizations of job performance which tends to emphasize the
question of what to measure.

With the exception of a few early researchers such as Seashore, Indik, and
Georgopoulos (1960) and James (1973), the many researchers historically ascribed to a
one-dimensional conceptualization of job performance that did not consist of multiple
lower order factors. The one-dimensional view of job performance primarily focused on
what researchers now refer to as task performance. Much of the groundwork that defined
the ideological shift of the contemporary conceptualization era began in the late 1980°s
and early 1990’s.

Campbell’s great eight. Campbell, Mcloy, Oppler, and Sager (1993) were at the
forefront of the shift in conceptualizing job performance to mean more than only task
performance. They distinguished between outcomes and behaviors of job performance by
relating outcomes to results or effectiveness. Behaviors, on the other hand, were
considered by Campbell and colleagues to produce performance. Better behaviors can
increase performance and can help produce better results and outcomes, which can result
in increased effectiveness (Borman, Klimoski, & ligen, 2003). Campbell et al. (1993)
further developed this idea by defining eight behavioral dimensions of job performance
that they believed encompassed all potential lower-order or more specific behavioral
components of job performance. These eight lower-order dimensions include the

following:
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o Job-specific tusk proficiency is how well an employee performs tasks that are
specific to that employee’s job. These specific tasks differentiate one employee’s
job from other employees’ jobs.

e Non-job-specific task proficiency is how well an employee performs on specific
tasks that are unique to that employee’s organization, but not unique to that
employee’s specific job. These types of tasks would apply broadly to many
employees within an organization.

o Written and oral communication is how well an employee is able to write and
speak with others.

o Demonstrating effort is how much commitment and persistence an employee
demonstrates on the job.

o Maintaining personal discipline is how well an employee refrains from engaging
in behavior that negatively impacts him or her as well as others and the
organization.

e Facilitating team and peer performance is how much support an employee
provides others within the organization to ensure others as well as the
organization as a whole are successful.

o Supervision is the amount of positive influence an employee exerts on
subordinates.

® Management and administration is how well an employee performs
administrative and oversight tasks that are beneficial to the organization.

Task performance and contextual performance. Borman and Motowidlo (1993)

took a different approach to conceptualizing job performance. Similar to Campbell et al.
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(1993), Borman and Motowidlo agreed that performance is comprised of multiple related
lower order factors, but disagreed on the appropriate number of factors that comprise job
performance. Borman and Motowidlo argued for a two-factor structure of job
performance comprised of task and contextual performance. The authors defined task
performance as activities performed by employees that contributed to the success of an
organization by providing the organization with necessary materials and services. Task
performance is essentially how well an employee performs his or her job duties, the
day-to-day tasks that are assigned (Rotundo & Sackett, 2002). Contextual performance,
on the other hand, is how well an employee engages in behaviors that help facilitate the
success of individual task performance as well as the task performance of other
employees (Borman & Motowidlo, 1997; Borman, Penner, Allen, & Motowidlo, 2001;
Coleman & Borman, 2000). Borman and Motowidlo (1993) described five specific types
of contextual performance in which an employee may engage. These behaviors include a)
voluntarily agreeing to go out of one’s way to perform tasks that are not formally part of
one’s role, b) putting in extra time or effort without complaint to ensure tasks are
completed successfully, c) supporting other employees, d) adhering to the rules of the
organization even when rules are inconvenient to oneself, and e) putting the goals of the
organization above the goals of oneself (Borman et al., 2001).

Borman and Motowidlo (1997) also argued that task and contextual performance
differ in three distinct ways. First, although different jobs require different tasks to be
performed, different jobs can still require similar contextual behaviors. Second, tasks are
usually defined at the role level, whereas contextual behaviors are defined at the

organizational level. Third, task performance is typically believed to be the result of
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cognitive ability, whereas contextual behaviors are most likely associated with an
employee’s personality. For instance, employees’ altruism, honesty, and/or integrity may
influence whether they put the goals of the organization in front of personal goals.
Organizational citizenship behavior. Prior to Borman and Motowidlo (1993,
1997) proposing a two factor structure of task and contextual performance, C. Smith et al.
(1983) suggested a construct known as Organizational Citizenship Behavior (OCB),
which is similar but arguably unique from contextual performance (Borman &
Motowidlo, 1997; Werner, 2000). In 1983, when Smith et al. first offered a definition and
conceptualization of OCB, C. Smith et al. (1983) suggested OCB was comprised of two
factors, altruism and generalized compliance. Building on the research of C. Smith et al.
(1983), Organ (1988) provided a definition of OCB as behavior that is discretionary, not
directly or explicitly recognized by formal reward systems, and that in the aggregate
promotes the effective function of the organization. At the time, Organ (1988) suggested
OCB included five dimensions: altruism, conscientiousness, sportsmanship, courtesy, and
civic virtue. However, following evidence provided by Borman and Motowidlo (1993,
1997) on contextual performance, Organ (1997) updated the definition of OCB to more
closely resemble Borman and Motowidlo (1993, 1997) definition and conceptualization
of contextual performance. Organ (1997) updated and refined the definition of OCB to
include contributions made to the maintenance and enhancement of social and
psychological context that support task performance. This definition is still widely used
(e.g., Bolino, Hsiung, Harvey, & LePine, 2015; Frazier & Bowler, 2015; Gajendran,
Harrison, & Delaney-Klinger, 2015; Lemoine, Parsons, & Kansara, 2015; Shah, Cross, &

Levin, 2015; Takeuchi, Bolino, & Lin, 2015; Trougakos, Beal, Cheng, Hideg, & Zweig,
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2015). Organ (1997) also refined the construct of OCB to fit a two-factor structure
consisting of interpersonal OCBs, contributions that are targeted toward an individual,
and other OCBs, which are behaviors that demonstrate no immediate aid to any specific
person, but that, demonstrate high standards for attendance, punctuality, conservation of
organizational resources, and use of time while at work.

Coleman and Borman (2000) eventually refined the two-factor taxonomy of job
performance proposed by Borman and Motowidlo (1997) to include three lower-order
factors of contextual performance. This refinement came after Organ (1988, 1997) and
other authors (e.g., Conway, 1999; Hodson, 1999; Konovsky & Pugh, 1994; P. M.
Podsakoff, Ahearne, & MacKenzie, 1997; P. M. Podsakoft & MacKenzie, 1997; Van
Dyne, Graham, & Dienesch, 1994) expounded on OCB. The three factors of contextual
performance described by Coleman and Borman (2000) were empirically derived and
include interpersonal support, organizational support, and job-task conscientiousness.

In 2001, Borman et al. decided to refine contextual performance factors further
using a larger sample of job performance. This study provided additional support for the
three-factor structure of contextual performance, which included interpersonal support,
organizational support, and job-task conscientiousness found by Coleman and Borman
(2000). However, the results of Borman et al. (2001) did result in a slight relabeling of
two of the categories. The new categories were labeled personal support, organizational
support, and conscientious initiative. The main point is that through research, multiple
studies have found support for similar factor structures of job performance that are

comprised of a task performance component and a contextual or citizenship component
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(Johnson, 2001; Motowidlo, Borman, & Schmit, 1997; Motowidlo & Van Scotter, 1994;
Rotundo & Sackett, 2002).

Personal support as contextual job performance includes behaviors such as helping
other employees by offering suggestions, teaching, sharing knowledge, and even
performing some of their tasks (LePine, Erez, & Johnson, 2002). Examples of
organizational support include behaviors such as representing, defending, positively
promoting the organization, and sticking it out with the organization through difficult
times (N. P. Podsakoff, Whiting, Podsakoff, & Blume, 2009). Finally, conscientious
initiative includes the display of additional effort even during difficult times and doing
whatever is needed to complete objectives even if it requires doing things outside of
one’s role (Carpenter, Berry, & Houston, 2014).

Although there have been many studies advancing and refining the
conceptualization of OCB and contextual performance, the distinction between OCB and
contextual performance is still not clearly defined. This may be because at face value
OCB and contextual performance appear similar. As a result, there is controversy
surrounding the relationship and distinctiveness of these two constructs of job
performance, contextual and OCB (Motowidlo, 2000). In part, this may be because when
the construct of OCB was initially proposed by C. Smith et al. (1983) and Organ (1988) it
appeared distinct from contextual performance, but following the updated definition of
OCB by Organ (1997) both constructs begin to blend. The definitions of both constructs
may have semantic differences, but the behaviors associated between both constructs
share a great deal of overlap. The primary distinction between these constructs may lie

within the full spectrum of behaviors associated with each construct. For instance, OCBs
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are thought to only account for positive behaviors whereas contextual performance is
believed to be the aggregated total of both positive and negative behaviors (Kell &
Motowidlo, 2012). Negative contextual behaviors may be considered counterproductive
work behaviors (CWB; Robinson & Bennett, 1995). Contextual performance is then the
net performance between OCBs and CWBs. In essence, contextual performance may be
considered a higher order factor that encompasses both OCBs and CWBs.

Counterproductive work behavior. Kidwell and Bennett (1993) proposed the idea
of a withholding effort or CWB, which is the antithesis of OCB. Examples of CWB
proposed by Kidwell and Bennett (1993) include shirking, social loafing and free riding.
Sackett (2002) offered a definition of CWB as any intentional behavior on the part of the
employee viewed by the organization as contrary to its legitimate interests. Robinson and
Bennett (1995) elaborated on CWBs, suggesting a taxonomy consisting of four
categories: production deviance, property deviance, political deviance, and personal
aggression. Production deviance is a minor form of organizational deviance characterized
by behavior such as leaving early. Property deviance is a more severe form of
organizational deviance, such as stealing from the organization. Political deviance is a
minor form of interpersonal deviance, for example, showing favoritism. Personal
aggression is a severe form of interpersonal deviance, for example, sexual harassment.

Thus far three factors of job performance have been introduced, task performance,
contextual/OCB, and CWB. However, up until the early 2000’s, how the three factors fit
together to comprise overall job performance remained a question in the literature. To
help answer this question, Rotundo and Sackett (2002) conducted a study to offer

additional clarity to the conceptualization of job performance by attempting to explain
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how these three factors fit together. These authors started by reviewing twenty years of
research and concluded that the same three factors, task performance, OCB, and CWB,
are the three main factors comprising job performance. These authors then designed a
study to understand how these three main factors of job performance are related. The
results of Rotundo and Sackett’s (2002) study found that about sixty percent of the
variance in job performance ratings could be explained by task performance and CWB;
where about thirty percent of the variance was explained by task performance and about
thirty percent of the variance was explained by CWB. OCB, on the other hand, only
explained between four and twenty percent of the variance. When totaled, sixty percent
and four to twenty percent do not total to one hundred percent. This is because there is
error in the measurement of job performance and because an additional factor or factors
are not measured by the three main factors. The results of this study suggest that raters
consider task, CWB, and OCB as part of job performance when providing ratings of job
performance, , but do not put equal weight on all three factors when providing overall
ratings. These findings also suggest that the weight raters place on OCB may fluctuate
widely, from being sparsely considered to being weighted heavily. This provides support
for previous research that job performance may be better conceptualized as two factors,
task and contextual performance where contextual performance is comprised of both
CWB and OCB.

Adaptive performance. Although task, OCB, and CWB are considered to be the
three primary categories of job performance, other more recent research has also
identified adaptive performance as a potentially prominent type of job performance

(Pulakos, Arad, Donovan, & Plamondon, 2000). Adaptive performance was originally
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proposed by Pulakos et al. (2000, p. 615) as “altering behavior to meet the demands of
the environment, an event or new situation.” Their research identified eight adaptive
performance dimensions. Campbell (2012) offered additional support for adaptive
performance as a unique type of job performance by demonstrating that traditional task
and contextual performance dimensions (i.e., OCB and CWB) do not subsume it.
However, additional research is still needed to help explain how adaptive performance
fits within the broader taxonomy of job performance relative to task, CWB, and OCB.

A general factor of job performance. Thus far, three main constructs of job
performance have been introduced, adaptive performance, task performance, and
contextual performance (comprised of OCB and CWB). Although each main construct of
job performance may appear to be differentiated substantively, evidence has
demonstrated that each of these constructs converge onto one general factor reflecting job
performance to some degree (Viswesvaran et al., 2005). Viswesvaran et al. (2005)
conducted a meta-analysis on over ninety-years of research and were demonstrated that
even when controlling for various types of rater error, there remained a general factor of
job performance able to account for sixty percent of the total variance in job performance
ratings. This suggests that even when evaluating different types of performance there
should be shared variance between different measures and types of job performance (e.g.,
task performance, adaptive performance, and contextual performance), if all measures are
truly measuring job performance. This also means that when conducting research on job
performance that it may be acceptable to combine and evaluate multiple measures of job
performance as an indicator of overall job performance (Rotundo & Sackett, 2002;

Viswesvaran, 1993; Viswesvaran et al., 2005).
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Being able to combine multiple measures of job performance into an overall
indicator of job performance is paramount for the present study. Recall that managerial
performance ratings are the most commonly used method for assessing employee
performance (Aguinis, 2013; O'Boyle & Aguinis, 2012; Viswesvaran et al., 2005) and
that organizations typically suggest that job performance should be normally distributed
(Motowidlo & Borman, 1977; Reilly & Smither, 1985; Schneier, 1977a, 1977b). As a
result, it would be unlikely to find exponential distributions of job performance using
managerial ratings as the only measure of performance (O'Boyle & Aguinis, 2012).
However, objective indicators of performance may exist within organizations that are
inherently free from being forced into any specific distribution (Aguinis & O'Boyle,
2014; Aguinis et al., 2016; O'Boyle & Aguinis, 2012). Although, evidence has suggested
that some objective indicators tend to be exponentially distributed (Aguinis & O'Boyle,
2014; Aguinis et al., 2016; Campbell & Wiernik, 2015; Crawford et al., 2015; O'Boyle &
Aguinis, 2012).

There may not be specific guidance in the literature on the most appropriate ways to
combine subjective and objective measures; yet, authors have suggested it would be
appropriate (Bommer, Johnson, Rich, Podsakoff, & MacKenzie, 1995). In a
meta-analysis by Bommer et al. (1995), it was determined that both objective and
subjective measures of job performance contain error, but integrating both types of
measures may lead to better assessment of performance. Findings by Viswesvaran (1993)
and Viswesvaran et al. (2005), provide evidence it would be appropriate to combine
various measures such as managerial ratings and objective indicators of performance into

one overall measure of job performance that may better reflect the actual distribution of
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performance. However, given that in most cases managerial ratings are expected to
reflect a normal distribution and objective measures are expected to be exponentially
distributed, integrating the two distributions would result in a distribution distinct from
the distributions of which it is comprised (Stephens, 2000). In this specific instance,
integrating a normal and exponential distribution would be expected to produce an
exponentially modified Gaussian distribution (Pauls & Rogers, 1977)%. An exponentially
modified Gaussian distribution is essentially a weighted average of the normal and
exponential distributions that have been integrated (Pauls & Rogers, 1977). As a result,
how well the resulting integrated distribution resembles a normal or exponential
distribution depends on the degree that managerial ratings resemble a normal distribution
and the degree that objective measures resemble an exponential distribution.
Evaluating and Classifying Distributions of Job Performance

Although it may be appropriate to combine objective and subjective measures of
job performance, guidelines about how to evaluate and classify the resulting distribution
of integrated measures is lacking in the [-O Psychology literature. There are
recommendations for evaluating the normality of job performance distributions (Shapiro,
Wilk, & Chen, 1968; Thode, 2002). However, because job performance has generally
been assumed to be normally distributed, further recommendations for evaluating job
performance distributions beyond normality are less common in I-O Psychology. In light
of recent research demonstrating that some objective measures of job performance are
exponentially distributed (e.g., Aguinis et al., 2016; O'Boyle & Aguinis, 2012), further

recommendations for identifying and evaluating whether a distribution is exponential is

? A Gaussian distribution is another name for a normal distribution. The normal distribution was given this
name in honor of the German mathematician Carl Friedrich Gauss (Dunnington, Gray, & Dohse, 2004)
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needed. Other disciplines provide recommendations that have potential in I-O
Psychology research. In turn, this section reviews accepted methods for evaluating the
normality of distributions. This section also reviews potential methods for evaluating
whether distributions are exponential.

Evaluating the normality of distributions. There are many commonly used
statistical tests (e.g., the t-test, analysis of variance, and regression) which all require that
the data being “tested” is normally distributed (Tabachnick & Fidell, 2013). As a result,
many statistical tests can be applied to assess the normality of data. Thode (2002), while
acknowledging that his list was not comprehensive, identified over forty statistical tests
for testing normality. However, not all statistical tests for evaluating normality are
equally robust at identifying departures from normality. According to Razali and Wah
(2011), one test of normality, the Shapiro-Wilk test, has been identified to have the most
power, the ability to identify departures from normality if they truly exist, relative to
other tests of normality. The Shapiro-Wilk test, tests the null hypothesis that a set of data
came from a normally distributed population (Shapiro & Wilk, 1965). However, because
the Shapiro-Wilk test relies on null hypothesis testing, it can be biased if the size of the
sample is too large (e.g., greater than 2000 data points; Royston, 1982). This means that
if a sample size is too large, there is increased chance of rejecting the null hypothesis
when is should be accepted (i.e., making a Type 1 error).

Given that statistical tests of normality, including the Shapiro-Wilk test, have the
potential to be biased, it is important to leverage more than one method to assess the
normality of a distribution of data. According to Tukey (1977, p. 43). “there is no excuse

for failing to plot and look.” Graphical methods are a powerful tool for verifying the
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accuracy of statistical tests (Chambers, Cleveland, Kleiner, & Tukey, 1983), and
probability plots are a specific type of graphical tool that can be used to assess normality
(Thode, 2002). The Q-Q plot (quantile-quantile plot) is a specific type of probability plot
that is recommended for assessing normality (Razali & Wah, 2011). The use of the
Shapiro-Wilk test and a Q-Q plot are an accepted standard for adequately assessing
normality (Tabachnick & Fidell, 2013).

Evaluating exponential distributions. Similar to tests of normality, many different
statistical tests can be used to test whether data are exponentially distributed. An
exponential distribution is defined by its infinite variance and a greater proportion of
extreme events (O'Boyle & Aguinis, 2012). While many distributions can meet these
criteria, the current research is interested in a specific type of exponential distribution,
the pareto distribution, also known as the power-law distribution, which is characterized
by a leptokurtic bulge and positive skew (Choulakian & Stephens, 2001). When
evaluating whether data fit a specific type of exponential distribution, such as the
power-law distribution, a modified version of the Shapiro-Wilk test has been shown to
have the most power (Uthoff, 1970). This modified Shapiro-Wilk test, similar to the
Shapiro-Wilk test for testing normality, is also a null hypothesis test. The modified
Shapiro-Wilk test tests the null hypothesis that data came from a specified a priori
exponential distribution.

A modified Shapiro-Wilk test, however, should not have the final say on whether
data are exponentially distributed. Similar to testing for normality, it is important to
leverage multiple methods to verify the shape of a distribution. Again, graphical methods

such as the Q-Q plot should be used to verify the accuracy of the statistical test
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(Chambers et al., 1983). A modified Shapiro-Wilk test and graphical methods should
provide sufficient evidence for data being exponentially distributed.
Hypotheses

Hypothesis 1: Managerial ratings of job performance are normally distributed.

In summary, there have been three major milestones in the history of job
performance research. The first was the birth of research relating to job performance,
which began in the early 1900s. Large industry and world wars drove research to focus
on developing selection systems. In order to develop better selection systems processes
for measuring job performance also had to advance. This lead to the second major
historical job performance milestone, conceptualizing job performance. This milestone
was marked by the distinction between actual job performance and what is measured as
job performance. Actual job performance is an intangible ideal construct that researchers
and practitioners alike strive to measure. Indicators of job performance are what are
actually measured. The third milestone in the history of job performance research
involves theoretical advancements in the understanding of job performance. One of the
most important contributions of these theoretical advancements is the acknowledgement
that there is error in all measurement of job performance. Finally, the current research
attempts to further the understanding of job performance by building on current research
that posits that job performance may be exponentially distributed instead of normally
distributed.

As detailed by O'Boyle and Aguinis (2012), managerial ratings of job performance
historically have restricted amounts of variance and therefore would be an unlikely place

to identify exponential distributions of performance. Managerial rating scales that are
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provided by organizations for managers to provide ratings typically only include a small
set of discrete anchors (e.g., 1, 2, 3, 4, or 5), which will likely not include enough anchors
to allow for adequate differentiation of employees. The expected result would be a
normal distribution of managerial performance ratings. Organizations could use rating
scales that have more anchors and may result in more variance, but as research has
demonstrated, this is ineffective because raters cannot accurately distinguish performance
when many anchors are present (Cox, 1980). For example, on a scale with anchors from
one to one hundred, raters are not able to distinguish accurately an employee that
deserves a rating of 78 versus 79. Raters are not able to accurately and meaningfully
distinguish between employees on scales with more than about five to seven anchors
(Cox, 1980). As a result, managerial ratings of job performance are more likely to have
constricted variance.

Hypothesis 2: A composite multi-rater multi-method measure of subjective job
performance indicators will demonstrate an exponential distribution of job performance.

To circumvent the issue that managerial ratings are likely to be normally distributed
and test whether exponential distributions exist, more variance may be needed. To
capture more variance organizations could combine subjective ratings from multiple
raters using different methods to increase the amount of variance between employees.

Hypothesis 3: Objective measures of job performance will result in exponential
distributions of job performance.

Alternatively, in order to demonstrate that job performance may be exponentially

distributed, organizations could use objective indicators of job performance. A few types

of objective indicators of performance that result in exponential distributions of
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performance have already been identified (Aguinis et al., 2016; O'Boyle & Aguinis,
2012). The problem is that these objective indicators only apply to a small number of
jobs. There are, however, additional objective indicators of performance that have yet to
be thoroughly explored. As an example of an objective indicator of job performance that
has yet to be tested and that could be applied broadly to many different types of jobs,
organizations could look at the amount of time an employee has spent in each role prior
to receiving a new role or promotion. Less time spent by an employee in a role prior to
receiving a promotion may indicate better performance.

Hypothesis 4: A composite of subjective and objective job performance measures
will demonstrate an exponential distribution of job performance.

As an alternative to using only objective indicators of job performance to
demonstrate that job performance may be exponentially distributed, organizations could
use a composite of objective indicators and subjective indicators to capture job
performance holistically. Previous research has demonstrated that irrespective of the
method used for measuring job performance, a single higher-order factor of job
performance should exist (Viswesvaran, 1993; Viswesvaran et al., 2005). Therefore,
multiple methods of measuring job performance should still be measuring the same thing.
Furthermore, using multiple methods to converge on performance should reduce the
amount of error and idiosyncratic rater effects, providing an acceptable method for
collecting data to accurately determine the shape that the distribution of job performance
best fits. By combining ratings from multiple methods, actual job performance may
essentially be triangulated and the amount of distinction should be increased between

employees. However, because previous research has yet to demonstrate the existence of
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exponential distributions for many jobs, combining multiple ratings of performance
captured using multiple methods and objective measures should circumvent this critique

and allow the opportunity to adequately assess the distribution of job performance.




CHAPTER THREE

METHODS

This study used archival job performance data from a large multi-national
organization. The archival job performance data included multiple types of performance
ratings provided by managers (e.g., assessing performance on short-term and long-term
goals), subordinate ratings of performance (e.g., assessing manager quality), peer
performance ratings and objective performance indicators. In total, six different
indicators of job performance were used. These six indicators of job performance are
frequently used in most large organizations (Aguinis, 2013). Four of the indicators were
subjective measures and were evaluated individually as well as combined into a single
composite measure. All indicators of performance were examined using multiple
statistical tests of normality and exponentiality. Importantly, all measures of job
performance were chosen because they fit Rotundo and Sackett’s (2002) definition of
performance as actions and behaviors under the control of an individual that contribute to
the goals of an organization.

Participants

The archival data set included only mid-level managers of people (62 women, 141

men, My = 45.76 years) who had at least three direct reports. The primary organizational

function of all the managers was information technology (IT). The sample included

84
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managers that resided in many different countries and managed both employees within
their respective country as well as employees located in different parts of the world.
Fifty-six percent of the sample was comprised of participants from four countries: the
United States (n = 90), Spain (n = 16), Mexico (n = 24), and Russia (n = 14).

In part, this sample was selected to meet criteria put forth by Beck et al. (2014),
which if ignored could unintentionally result in non-normal distributions of job
performance. The one criterion for identifying an appropriate sample dictates that the
sample consists of employees with comparable jobs. This criterion is believed to be met
because all employees in the sample shared the same job function (i.e., Information
Technology), were from the same organization, and had a similar overarching
responsibility of managing people.

Procedures

The procedures in this section detail how all six archival measures were collected.
The six archival measures of job performance include: managerial ratings of performance
on short-term objectives (Manager Short-Term); managerial ratings of performance on
long-term objectives (Manager Long-Term); subordinate ratings of manager quality
(Manager Quality); 360-ratings of manager performance comprised of equally weighted
ratings from subordinates, peers, and managers (360), average time in role prior to
receiving a new role (Time in Role, TIR) and average time prior to receiving a promotion
(Time Prior To Promotion, TPTP).

Managerial ratings of short-term and long-term objectives. Managerial ratings
of short-term and long-term objectives are two separate ratings, but were collected using

the same process.
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Short-term and long-term objective ratings are both a part of the organization’s
performance management system that is administered on an annual basis. It includes four
phases that start in January of each year and conclude in March of the next year. As a
result, the cycle that begins in, for example 2015 has some overlap with the cycle that
begins in 2016. Starting in January of each year employees meet with their supervisors
and discuss their performance and objectives from the previous year. During this time,
managers and employees collaborate to create both long-term and short-term objectives
for the year. Some objectives may cascade from managers ensuring alignment with the
organization’s overarching goals, but this is not required.

In April, the second phase begins. During the second phase, employees meet again
with their managers and conduct a career conversation. A career conversation is an
opportunity for the employee to review developmental feedback they have received up to
that point in the year, to discuss career preferences, potential career paths, mobility,
strengths, opportunity areas, and key areas of development.

The third phase begins in July. During this phase employees and managers conduct
a mid-year conversation. This conversation is essentially a mid-year review of the
employee’s performance. Employees review their short-term and long-term objectives
and provide feedback on how they believe their performance has been to date on each
objective. The employee and manager create a plan to redirect and make adjustments
going forward to help aid performance towards reaching each short-term and long-term
objective.

The fourth and final phase of the performance management process begins in

October. This phase includes a development reconnect, self-input on both short-term and



87

long-term objectives, as well as manager input and calibration. Self-input is where the
employees provide input on how well they believe each short-term and long-term
objective was executed. This is done in conjunction with managers also providing input.
Calibration, the fourth part of phase four refers to calibration meetings conducted by
managers that have similar employees. Recall calibration meetings are similar to frame of
reference training. Calibration involves multiple managers and human resources
associates meeting and aligning to provide job performance ratings for employees on
short-term and long-term objectives. Managers are expected to provide ratings of job
performance on short-term and long-term objectives independently and then meet
collectively with other managers to align and adjust ratings. This process ensures that
managers are providing similar ratings for similar performance on objectives for
employees in similar roles.

Manager quality. The measure of Manager Quality is administered annually. It is
typically administered during the middle of the year, but the exact date varies each year
based on business needs. All managers with at least three direct reports participate in the
process and receive feedback ratings. If a manager has input on an employee’s short-term
and long-term performance objectives, the manager may invite the employee to provide
feedback ratings. The manager may also invite direct reports, matrixed employees, and
other employees that have reported to the manager within the last three months.
Additionally, all raters are required to have reported to the manager for a minimum of six
months.

Raters are allowed approximately three weeks to provide feedback. All ratings are

provided anonymously. Feedback reports are released to human resources, the
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participants, and their managers. Managers discuss the feedback they received with their
raters and identify managerial behaviors that they can improve. Based on the Manager
Quality feedback report, participants work with their managers to identify long-term
development objectives. As a result, Manager Quality ratings have some direct impact on
the managerial performance ratings for long-term objectives. This alignment is positive
and important. It helps to ensure that similar types of performance are measured between
the different indicators of performance used in the current study.

360° performance feedback. The 360° performance feedback tool is administered
annually, but individual employees typically do not participate every year. The
expectation is that employees participate once every few years. However, if an employee
experiences a significant change in role, the recommendation is that the employee
participates sooner instead of waiting for a year or two to pass. The 360 process typically
begins with the identification of employees that have not recently participated in the 360
process and that meet various criteria. Example criteria include, having been in their
current role for at least six months and having at least three direct reports. Once a list of
participants is completed, an invitation email is sent out to managers inviting them to
participate in the 360 process. Once invited, managers log into an online tool and select
raters. Raters should include all subordinates, multiple peers, direct manager and
matrixed manager if they have one and others such as external clients. The
recommendation is that the participant has worked closely with all raters for at least six
months. Participants are advised to select at least three subordinates and three peers.
After the participant’s raters have been selected, raters are sent an email inviting them to

provide feedback. Raters have approximately two weeks to respond and provide ratings.
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After all ratings have been made, a feedback report is generated that is shared with the
participant and his or her manager. In line with best practices and to protect
confidentiality, average scores are not produced at the rater category level unless at least
three raters have responded. However, rater categories with less than three respondents
will be included in the overall average 360 score. Results are typically also used to help
develop at least one PDR objective for the participants.

Time in role. Every time an employee begins a new role, the start date for the new
role is recorded in a database. Employees’ previous role start date was subtracted from
their current role start date and divided by three-hundred sixty-five. This procedure
provided an employee’s time in role in number of years. This procedure was applied to
every role an employee has had within the organization. If an employee only has had one
role within the organization then the employee’s first role within the organization, the
employee’s hire date, was subtracted from the current date and divided by three-hundred
sixty-five. An average time in role was calculated for each employee.

Time prior to promeotion. A similar procedure was used to calculate time prior to
promotion as was used to calculate time in role. The distinction between time in role
versus time prior to promotion is that an employee may have multiple roles prior to
receiving a promotion. As a result, the average time prior to promotion for each employee
may be greater than the average time in role for each employee.

Measures
In this section, an overview of all four subjective archival measures is provided:
Manager Short-Term, Manager Long-Term, Manager Quality, and 360° ratings of

manager performance. The two objective archival methods, time in role and time prior to



90

promotion, are based on the calculation process previously described and do not include a
formal measure administered to employees. As a result, they will not be reviewed in this
section, but the subjective measures of performance will be.

Manager short-term. These ratings are provided based on two types of objectives
related to delivering a business plan and creating efficiency: employees may create their
own objectives or leverage objectives provided by their manager. Objectives related to
delivering on the business plan refer to the impactful objectives each person can take to
achieve annual operating plan metrics and typically reflect things the employee can
influence. An example objective may include: “Collaborate with cross-functional teams
and follow new processes to implement 3 innovations as defined in the annual operating
plan that will generate net revenue = $500,000 by year-end.” All manager ratings
provided based on employee objectives are based on how successful the employee is at
achieving the objective.

The second type of short-term objective is related to creating efficiency. This refers
to the realization of initiatives that, when executed, ensure sustainable performance. The
focus is on progress that the employee makes during a given year, even though the impact
may not come to fruition immediately. An example ‘create efficiency’ objective may
include: “Streamline efforts by creating, aligning, and communicating by quarter 2 a
training to improve production by 8%.” Manager short-term ratings are provided on a one
through five scale where one represents the lowest level of performance and five
represents the highest level of performance.

Manager long-term. These objectives fall into four separate categories: drive

future business success, drive organizational health, develop others, and develop self.
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Employees should have at least two short-term objectives and four long-term objectives.
The first long-term objective, drive future business success, is about identifying and
achieving progress against strategic business plans to achieve long-term growth and
strengthen innovation. An example of a drive future business success objective may
include: “Assemble project team and begin product development in collaboration with
Region A as measured by 100% approval for launch by June 3™.” The second category,
drive organizational health, is the ability of an organization to align, execute, and renew
itself to sustain exceptional performance over time. An example of this type of objective
may include: “Build organization roadmap to unlock synergies and streamline structure
measured by leadership alignment; implement key milestones for end of year.” The third
category, develop others, is based on career level and degree of managerial responsibility.
These objectives should require significant effort over an extended period of time, not
one-time activities. An example would be: “Establish partnership with teams to build
capability to implement changes across the organization; measured by successful
adoption of change.” The final category, develop self, should focus on the development
of initiatives that require significant effort over an extended period of time, not one-time
activities to increase capabilities. An example would be: “Develop verbal communication
skills by applying insights from a local college course; measured by regular feedback
from my manager and quarterly feedback from my peers.” Manager long-term ratings are
provided on a one through five scale where one represents the lowest level of
performance and five represents the highest level of performance.

Manager quality. The manager quality performance tool was developed in-house

by the organization but is similar to other upward manager feedback tools (e.g., tools that
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provide feedback from employees to their mangers) used across many organizations. The
tool consists of twelve behavioral items that are intended to measure three broad
leadership dimensions: moving toward people, moving against people, and moving away
from people. An example item is: “Leaves big decisions up to others.” Each item is rated
by subordinates in reference to their manager. Ratings are provided on a five-point Likert
style scale that ranges from “no extent” to “‘a very great extent.” An average overall score
was calculated and used.

360° Performance Tool. The 360° performance tool consists of 58 items and nine
dimensions that are equally weighted and averaged into a total score. Only the total score
was used. The nine dimensions include: decision making, innovating, driving for results,
creating an inclusive culture, building trust, motivating and inspiring others, collaborating
and influencing, acting with integrity, and inspiring trust. An example item is, “Takes the
initiative to find ways to get better results.” Each item is measured on a five-point

Likert-style scale that ranges from “small extent” to “great extent.”



CHAPTER FOUR

RESULTS

The current study tested four hypotheses to determine the distribution of job
performance scores and generates practical methods that can be employed by
organizations. To test the four hypotheses, two main questions had to be addressed. First,
were the indicators of job performance normally or exponentially distributed? Second,
did the indicators of job performance specifically fit an exponential distribution? To
answer these two questions multiple statistical and visual tests were applied.

Organizing Performance Data for Analysis

The first step required combining various measures of job performance into
performance measure groups that could be used to test each hypothesis. This first step
resulted in eight performance measure groups (see Table 1). To test Hypothesis 1 there
was one group for each of the managerial measures of performance and one composite
group consisting of both managerial performance ratings. To test Hypothesis 2 there was
one group that consisted of all subjective performance measures. Hypothesis 3 used three
groups one for each objective measure and one composite group consisting of both
objective measures. Finally, Hypothesis 4 used one overall composite measure consisting

of all measures of job performance.
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Groups of Performance Measures

94

Group Hypothesis Performance Measures Type of Measure
A 1 Manager Short-Term Ratings Subjective
B 1 Manager Long-Term Ratings Subjective
C 1 Manger Short-Term Ratings Subjective

Manager Long-Term Ratings
D 2 Manager Short-Term Ratings Subjective
Manager Long-Term Ratings
Manager Quality Ratings
360 Ratings
E 3 Time in Role Objective
F 3 Time Prior to Promotion Objective
G 3 Time in Role Objective
Time Prior to Promotion
H 4 Manager Short-Term Ratings Subjective
Manager Long-Term Ratings
Manager Quality Ratings
360 Ratings
Time in Role Objective

Time Prior to Promotion

Group E and Group F were different from the other groups because for these

groups, a lower score was associated with more positive job performance. As a result,

both Group E and Group F scores were reversed. To reverse score for these two groups,

each score was subtracted from the maximum value for each group. Group E and Group

F also used a different scale than the other measures. As a result, Group E and Group F

additionally required a linear transformation.
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Group C consisted of a composite measure of managerial ratings of job
performance. Following the recommendation of Viswesvaran (1993) a weighted
composite approach was used to generate this group. This approach was similar to
weighting test score items based on their relationship with an overall test score.
Furthermore, this approach was used for all groups that utilized a composite of multiple
indicators of performance. The first step to calculating the weighted composite score for
this group was to sum both indicators of job performance into an overall score. The next
step was to correlate both indicators of performance with the overall score. Then each
indicator of performance was multiplied by its correlation coefficient with the overall
score. The resulting values were then summed and averaged to create an overall weighted
score for each case.

Group G consisted of a composite measure of objective indicators of job
performance. This group used a weighted composite approach similar to the method used
to calculate Group C. The values from Group E and Group F were combined to create an
overall score that was correlated with both Group E and Group F to generate weights for
each group. Once the values of Group E and Group F were weighted, they were summed
and averaged to create a weighted composite score for each case. Group D was a
composite of all subjective indicators of performance and Group H was a composite of all
measures of job performance, both subjective and objective indicators. To create Groups
D and H, a weighted composite approach was again used.

Statistical Tests and Data Examination Procedures
Four tests were used to test each of Hypotheses 1 through 4, these included

histograms, Q-Q plots, the Shapiro-Wilk test of normality, and the modified
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Shapiro-Wilk test for exponentiality. Histograms and Q-Q plots are visual approaches of
evaluating the shape of a distribution whereas both Shapiro-Wilk tests rely on a test of
statistical significance to determine whether a set of data fit a prespecified distribution.
To elaborate, a histogram is a bar graph of frequencies based on an empirical
distribution of data. For example, there are a finite number of short-term manager ratings.
An employee can only receive a value between one and five. The histogram would
consist of five bars, one for each potential value. The height of each bar is dependent on
how many employees receive a one, two, three, four, or five. Depending on the height of
each bar, holistically the histogram takes on different shapes, which represent the
underlying distribution of the data. If the data were normally distributed, the histogram
resembles a normal distribution and if the data were exponentially distributed the
histogram resembles an exponential distribution. To rigorously evaluate how well each
histogram resembles a normal distribution versus an exponential distribution seven
subject matter experts (SMEs) were asked to provide two separate ratings for each
histogram. The ratings from all seven SMEs were then averaged into two overall scores
for each histogram. The first rating was based on agreement with the statement, *“This
histogram is normally distributed.” The second rating was based on agreement with the
statement, “This histogram is exponentially distributed.” The agreement scale used by all
seven SMEs had five anchors that ranged from one “strongly agree” to five “strongly
disagree.” Average ratings of less than three were considered support for each statement.
A separate histogram was generated for all eight groups and the same seven SMEs
provided both ratings for all eight groups. SMEs were 1-O Psychology doctoral students

who all had training in advanced statistical analysis.
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The second visual approach to assessing the shape of a distribution was the Q-Q
plot. A Q-Q plot is a special type of probability plot. Probability plots are used to
graphically compare the similarity of two distributions. Q-Q plots are a non-parametric
approach generally used for assessing goodness of fit (Thode, 2002). To create the Q-Q
plot the first step is to calculate quantiles. Quantiles are the cut-points in a data set that
separate the data into four equal groups based on the three quantiles. The second step is
to sort the data in increasing order, lowest scores to highest scores. A second set of
artificially generated data that is normally distributed is also utilized. The artificially
generated data is also sorted in increasing order. The observed data from each group are
all paired with the normally distributed data and plotted. If the data from each group
closely resemble the data from the normally distributed data then the plotted data on the
Q-Q plot follow a 45-degree angle where X=Y. For example, if there were thirty ratings
in hypothetical Group Z, the artificially generated normally distributed data would also
include thirty ratings. Each rating in Group Z would be ordered in increasing values.
Each rating in the normally distributed data would also be ordered in increasing values. X
and Y coordinates to be plotted would be generated by pairing the two lowest ratings in
Group Z and the artificially generated normally distributed data, and by pairing the
second two lowest ratings in Group Z and the normally distributed data and so on until all
values have been paired. The pairs are used as X and Y coordinates to be plotted. If the
two sets of data have the same distribution, then the plotted data would resemble a
straight line at a 45-degree angle. Another way to think about a Q-Q plotis as a
correlation. If the two sets of data correlate strongly, the plotted data would resemble a

straight line. Visual analysis of the Q-Q plot comprised of ratings from SMEs was used to
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evaluate the normality and exponentiality of the plots. Each Q-Q plot was evaluated by
using the same procedure previously used to evaluate how well each histogram resembles
a normal distribution versus an exponential distribution. The same seven SMEs provided
two separate ratings for all eight Q-Q plots on the same five-point rating scale used
previously. The SMEs rated: How well each plot followed a 45-degree line and how
much each plot curved away from a 45-degree line.

An intraclass correlation coefficient (ICC) was calculated based on all of the ratings
that were used to test all four hypotheses provided by all SMEs. The ratings included how
well each histogram for all eight groups fit a normal distribution, as well as how well
each distribution fits an exponential distribution. The ratings also apply to Q-Q plots that
were used as the second criteria to test all four hypotheses. Ratings related to Q-Q plots
included how well each Q-Q plot fit a 45-degree line, as well as how much each Q-Q plot
curves away from a 45-degree line. ICC is an indicator of agreement between ratings
provided by all SMEs. A high degree of agreement was found between all seven SMEs.
The average ICC was .92 with a 95% confidence interval ranging from .87 to .96 (F(31,
186) = 12.95, p <.001). This magnitude of ICC suggests that there was strong agreement
among all seven SMEs for all ratings.

The third set of criteria used to evaluate each hypothesis were Shapiro-Wilk tests.
The Shapiro-Wilk test for normality is a statistical test that evaluates whether a set of data
came from a normally distributed population. It tests the null hypothesis that the sample
did come from a normally distributed population. Therefore, if a p-value of less than .05
were obtained, the null hypothesis was rejected. This would provide support for a

distribution being non-normally distributed. The test statistic is calculated by “dividing
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the square of an appropriate linear combination of the sample order statistics by the usual
symmetric estimate of variance” (Shapiro & Wilk, 1965, p. 591). This procedure is very
similar to the procedure that is used by Q-Q plots. The difference between the
Shapiro-Wilk test and a Q-Q plot is that the Shapiro-Wilk test goes one step further and
summarizes the Q-Q plot into a test statistic. The Shapiro-Wilk test statistic is essentially
a summary statistic of how different the sample data are from the artificially generated
normally distributed comparison data.

The modified Shapiro-Wilk test for exponentiality is very similar to the
Shapiro-Wilk test for normality. The only difference between the two tests is that the
Shapiro-Wilk test for normality compares an observed set of data to a normally
distributed set of data, while the modified Shapiro-Wilk test for exponentiality compares
an observed set of data to an exponential distribution. The null hypothesis for the
modified Shapiro-Wilk test for exponentiality is that the observed sample did come from
an exponential distribution. Therefore, when using the modified Shapiro-Wilk test for
exponentiality, a p-value of .05 or greater would provide support for the assumption that
the observed sample was exponentially distributed.

Summary of Results by Hypothesis

There were various criteria used to evaluate each of the four hypotheses. Table 2
provides a summary of the criteria used to evaluate each hypothesis. The following
paragraphs provide a detailed review of each criterion as it relates to each hypothesis as

well as a summary of how well each hypothesis was supported.



Table 2

Summary of Criteria and Parameters

100

Hypothesis

Completely Supported

Partially Supported

Not Supported

(1) Managerial
ratings of job
performance will

All groups - A, B,and C
demonstrate all of the
following:

At least one group - A,
B, or C demonstrates at
least one of the

None of the
groups - A, B,or C
demonstrate any of the

be normally » Normally Distributed following: following:
distributed. Histogram » Normally Distributed e Normally
¢ Q-Q plot resembles Histogram Distributed
straight line at ¢ Q-Q plot resembles Histogram
forty-five-degree angle straight line at 45- ¢ Q-Q plot resembles
¢ Non-significant degree angle straight line at 45-
Shapiro-Wilk test » Non-significant degree angle
* Significant-Modified Shapiro-Wilk test » Non-significant
Shapiro-Wilk test Shapiro-Wiik test
(2) A composite Group D demonstrates all Group D demonstrates e Group D does not
multi-rater of the following: at least one of the demonstrate any of
multi-method o Exponentially following: the following:
measure of Distributed Histogram ¢ Exponentially = Exponentially
subjective job e Q-Q plot displays an Distributed Distributed
performance upward curve Histogram Histogram
indicators will

demonstrate an
exponential
distribution of job
performance.

e Non-significant Modified
Shapiro-Wilk test

e Significant Shapiro-Wilk
test

* Q-Q plot displays an
upward curve

» Non-significant
Modified
Shapiro-Wilk test

* Q-Q plot displays an
upward curve

¢ Non-significant
Modified
Shapiro-Wilk test

(3) Objective
measures of job
performance will
demonstrate
exponential
distributions of
job performance.

Al groups — E, F, and G

demonstrate all of the

following:

e Exponentially
Distributed Histogram

¢ Q-Q plot displays an
upward curve

» Non-significant Modified
Shapiro-Wilk test

o Significant Shapiro-Wilk
test

At least one group — E,
F, or G demonstrates at
least one of the
following:

» Exponentially
Distributed
Histogram

o Q-Q plot displays an
upward curve

» Non-significant
Modified
Shapiro-Wilk test

None of the groups —
E,F,orG
demonstrates any of
the following;:

» Exponentially
Distributed
Histogram

* Q-Q plot displays an
upward curve

» Non-significant
Modified
Shapiro-Wilk test

(4) A composite of
subjective and
objective job
performance
measures will
demonstrate an
exponential
distribution of job
performance.

Group H demonstrates all

of the following:

¢ Exponentially
Distributed Histogram

¢ Q-Q plot displays an
upward curve

» Non-significant Modified
Shapiro-Wilk test

e Significant Shapiro-Wilk
test

Group H demonstrates
at least one of the
following:

» Exponentially
Distributed
Histogram

e Q-Q plot displays an
upward curve

» Non-significant
Modified
Shapiro-Wilk test

Group H does not
demonstrate any of the
following:

» Exponentially
Distributed
Histogram

* Q-Q plot displays an
upward curve

» Non-significant
Modified
Shapiro-Wilk test
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Hypothesis 1

To test Hypothesis 1 (i.e., managerial ratings of job performance will be normally
distributed), four methods were used. Managerial measures of job performance and the
weighted average composite measure of managerial performance for groups A, B, and C
were used to test Hypothesis 1. Means, standard deviations, skewness, and kurtosis are
shown in Table 3. First, Groups A, B, and C were plotted as separate histograms and can
be reviewed here respectively as Figures 4, 5, and 6. To evaluate these histograms SMEs
provided ratings to indicate how well each histogram resembled a normal distribution as
well as how well each histogram resembled an exponential distribution.

For Hypothesis 1, the average ratings provided by SMEs for how well each
histogram resembled a normal distribution are as follows: Group A (M = 2.57), Group B
(M =3.29), and Group C (M = 1.43). The scale ranges from one through five where a
lower rating indicates SME judgments of a better fit of the data to a normal distribution.
Ratings were also provided by SMEs for how well each histogram resembles an
exponential distribution and the average ratings are as follows: Group A (M = 4.14),
Group B (M = 3.00), and Group C (M = 4.86). The scale ranges from one through five
where lower ratings indicate SME judgments of a better fit of the data to an exponential
distribution.

Based on the ratings from SMEs, none of the resulting histograms for Groups A, B,
and C perfectly resembles a normal distribution and they possess limited characteristics
of normality. Group B appears to deviate the most from normality, followed by Group A,

while Group C appears to best resemble a normal distribution compared to groups A and
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B individually. Furthermore, based on SME ratings, evidence also suggests that Groups
A, B, and C are not exponential. This provides limited support for Hypothesis 1.

Table 3

Descriptives for Groups A, B, and C

Group M SD Skewness Kurtosis
Group A 3.30 0.51 0.32 -0.68
Group B 3.59 0.53 -0.57 -0.74
Group C 2.71 0.32 -0.08 -0.65

Note. N = 203. Group A = Manager Short-Term Ratings, Group B = Manager Long-Term Ratings, Group
C = Weighted Average Composite of Manager Short-Term Ratings and Manager Long-Term Ratings.

200

150

Frequency
8

50

Figure 4. Frequency Distribution of Group A (Manager Short-Term Ratings of Job
Performance). A higher score indicates better performance. The overlaying line indicates

how closely the distribution resembles a normal distribution.
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Figure 5. Frequency Distribution of Group B (Manager Long-Term Ratings of Job
Performance). A higher score indicates better performance. The overlaying line indicates

how closely the distribution resembles a normal distribution.
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Figure 6. Frequency Distribution of Group C (Weighted Average Composite of Manager
Short-Term Ratings and Manager Long-Term Ratings of Job Performance). A higher
score indicates better performance. The overlaying line indicates how closely the

distribution resembles a normal distribution.
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The second criterion used to evaluate Hypothesis 1, how well each group of data
fits a normal distribution, is a Q-Q plot. Q-Q plots were generated for Groups A, B, and
C and are shown as Figures 7, 8, and 9 respectively. Each Q-Q plot was evaluated for
how well it fit a straight line at a 45-degree angle. The better the data fit a straight line at
a 45-degree angle, the stronger the evidence that the data are normally distributed. The
average ratings provided by SMEs for how well each Q-Q plot fit a straight line at a 45-
degree angle are as follows: Group A (M = 3.00), Group B (M = 3.29), and Group C (M
= 1.86). Again, the scale ranges from one through five; the lower the rating the better the
fit to a straight line at a 45-degree angle indicating better fit to a normal distribution.
Ratings were also provided by SMEs for how much each Q-Q plot curves away from the
45-degree line, which indicates an exponential distribution. The average ratings are as
follows: Group A (M = 4.14), Group B (M = 3.00), and Group C (M = 4.86). The scale
ranges from one through five; the lower the rating the more curved the Q-Q plot,
indicating the data are exponentially distributed.

All three plots for Groups A, B, and C tend to resemble a straight line at a 45-
degree angle. However, the ratings are less polar for groups A and B. This is likely
because only a few data points are produced for these Q-Q plots. The number of data
points is limited because the number of potential scale points is limited (i.e., one, two,
three, four, & five). Recall that only one data point is produced for each scale point that is
within the sample. In turn, a fewer number of data points may make it more difficult to
visually discern a pattern and as a result more difficult to interpret the Q-Q plots.
However, consistent with evidence from the histograms for Groups A, B, and C, Group A

and Group B have greater departures from normality than Group C. Evidence from the
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Q-Q plots also suggests that the data are not exponential for any of the three groups.
These findings support Hypothesis 1. Yet, given the limited number of potential scale
options within the sample, it may have been difficult to identify an exponential

distribution if it did exist.

Exponcatial Value

1 .'5 2.r0 2?5 3?0 3T5 4,.0 4‘.5
Observed Value
Figure 7. Q-Q plot of Group A (Manager Short-Term Ratings of Job Performance). The
line through the center of the plot is at a 45-degree angle and indicates how closely the

distribution resembles a normal distribution based on how closely the data points follow

the angle of the line.

Exponcutial Value
]

2 3 4 5
Observed Value

Figure 8. Q-Q plot of Group B (Manager Long-Term Ratings of Job Performance). The

line through the center of the plot is at a 45-degree angle and indicates how closely the
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distribution resembles a normal distribution based on how closely the data points follow

the angle of the line.

Exponential Vaine
(=1
A

2.0 25 3.0 35
Observed Value

Figure 9. Q-Q plot of Group C (Weighted Average Composite of Manager Short-Term
Ratings and Manager Long-Term Ratings of Job Performance). The line through the
center of the plot is at a 45-degree angle and indicates how closely the distribution
resembles a normal distribution based on how closely the data points follow the angle of
the line.

The third criterion used to evaluate Hypothesis 1 was the Shapiro-Wilk test for
normality. The Shapiro-Wilk test for normality tests the null hypothesis that the sample
came from a normally distributed population. Therefore, a non-significant test statistic
would provide further evidence that the data from Groups A, B, and C are normally
distributed. However, all three Groups A (W(203) = 0.67), B (W(203) = 0.68), and C
(W(203) = 0.87) are statistically significant (p <.001). These findings do not support
Hypothesis 1.

A modified Shapiro-Wilk test for exponentiality was also used to test Groups A, B,

and C. The modified Shapiro-Wilk test for exponentiality tests the null hypothesis that
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the sample came from an exponential distribution. Therefore, a significant test statistic
would provide additional support for Hypothesis 1. However, consistent with the
evidence from the Shapiro-Wilk test for normality, the modified Shapiro-Wilk test for
exponentiality was non-significant (»p = 1.00) for all three Groups A (W(203) = 0.03), B
(W(203) = 0.04), and C (#(203) = 0.03). These non-significant results provide support
that the data from all three Groups A, B, and C may meet the criteria of an exponential
distribution.

Results from the Shapiro-Wilk test for normality provide evidence that none of the
three groups were normally distributed and findings from the modified Shapiro-Wilk test
for exponentiality suggest that all three groups may be exponentially distributed. For
groups A and B, the histograms and Q-Q plots corroborate evidence provided by the
Shapiro-Wilk test for normality that groups A and B are not normally distributed.
However, the histograms and Q-Q plots suggest that exponential may not be the most
accurate classification for groups A and B, despite their non-significant modified
Shapiro-Wilk test for exponentiality.

For Group C evidence provided by the histogram and Q-Q plot tends to conflict
with evidence from the Shapiro-Wilk test for normality. Evidence from the histogram and
Q-Q plot for Group C suggests that the data from this group may be more normally
distributed than exponentially distributed. However, similar to groups A and B, it may be
that Group C is also not best characterized by either a normal distribution or an
exponential distribution. Interpreting all criteria holistically suggests that Groups A, B,

and C are not best characterized by a normal distribution nor an exponential distribution,
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but do present partial characteristics of both distributions. As a result, only limited
support for Hypothesis 1 was found.
Hypotheses 2, 3, and 4

A similar procedure used to evaluate Hypothesis 1 was used to evaluate Hypotheses
2, 3, and 4, but different outcomes were predicted based on each hypothesis. Hypothesis
1 hypothesized normal distributions to result, whereas Hypotheses 2, 3, and 4
hypothesized exponential distributions. Hypothesis 2 used Group D; Hypothesis 3 used
Groups E, F, and G; and Hypothesis 4 used Group H.

The first step to evaluate Hypothesis 2, Hypothesis 3, and Hypothesis 4 was to
repeat the procedures used to generate histograms and Q-Q plots. However, a different
result was hypothesized for both the histogram and Q-Q plot criteria when evaluating
Hypotheses 2, 3, and 4. When plotting the data for Groups D, E, F, G, and H the
hypothesized distribution was expected to resemble an exponential distribution (Figure
2). If the resulting distributions resembled an exponential distribution, the null
hypotheses would be rejected, providing support for Hypotheses 2, 3, and 4. Similarly, if
a Q-Q plot was rated as curved, this was evidence that an exponential distribution was
present and was further evidence to support Hypotheses 2, 3, and 4.

Finally, in addition to the visual inspections used to evaluate Hypotheses 2, 3, and
4, the Shapiro-Wilk test for normality was used to verify that each group was not
normally distributed and a modified Shapiro-Wilk test for exponentiality was used to
determine whether the distribution of each group was exponential. A significant (p value

of less than .05) Shapiro-Wilk test for normality and a non-significant (p value of .05 or
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greater) modified Shapiro-Wilk test for exponentiality would provide additional support
for Hypotheses 2, 3, and 4.

Means, standard deviations, skewness, and kurtosis for groups D, E, F, G, and H are
reported in Table 4. Figures 10, 11, 12, 13, and 14 are histograms that correspond to
Groups D, E, F, G, and H respectively and represent the first criterion used to evaluate
Hypotheses 2, 3, and 4. Each histogram found in Figures 10, 11, 12, 13, and 14 was
evaluated by SMEs based on how well it resembled an exponential distribution versus a
normal distribution. Figures 15, 16, 17, 18, and 19 are Q-Q plots that correspond to
Groups D, E, F, G, and H respectively and represent the second criterion used to evaluate
Hypotheses 2, 3, and 4. Each Q-Q plot found in Figures 15, 16, 17, 18, and 19 was
evaluated by SMEs according to how much it curved away from a 45-degree line versus
followed a 45-degree line. Curving away from a 45-degree line indicates the presence of

an exponential distribution.



Table 4

Descriptives for Groups D, E, F, G, and H
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Group M SD Skewness Kurtosis
Group D 222 0.16 -0.11 -0.42
Group E 3.87 0.68 -2.13 6.71
Group F 4.12 0.69 -2.54 8.70
Group G 3.26 0.46 -1.68 4.02
Group H 1.92 0.15 -H12 2.89

Note. N = 203. Group D = Weighted Average Composite of all four subjective ratings,

Group E = Average Time in Role, Group F = Average Time Prior to Promotion, Group G

= Weighted Average Composite of Average Time in Role and Average Time Prior to

Promotion, Group H = Weighted Average Composite of all indicators of Performance.
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Figure 10. Frequency Distribution of Group D (Weighted Average Composite of all four

2.40
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subjective ratings). A higher score indicates better performance.
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Figure 11. Frequency Distribution of Group E (Average Time in Role). To create this

group average time in role was reverse scored and scaled down to use the same
measurement scale as the subjective measures. A higher score indicates a lower average

time spent in role and better performance.
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Figure 12. Frequency Distribution of Group F (Average Time Prior to Promotion). To

create this group average time prior to promotion was reverse scored and scaled down to
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use the same measurement scale as the subjective measures. A higher score indicates a

lower average time spent in a role prior to promotion and better performance.
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Figure 13. Frequency Distribution of Group G (Weighted Average Composite of

Average Time in Role and Average Time Prior to Promotion). A higher score indicates

better performance.



113

40 4

Frequency

1.20 1.40 1.60 1.80 2.00 2.20
Group H

Figure 14. Frequency Distribution of Group H (Weighted Average Composite of all

indicators of Performance). A higher score indicates better performance.
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Figure 15. Q-Q plot of Group D (Weighted Average Composite of all four subjective
ratings). The line through the center of the plot is at a 45-degree angle. The closer the
data follow this line the more likely the data are normally distributed. However, the more
the data points depart from this line, curving upwards or curving downwards on the tails,

provides evidence that the data are exponentially distributed.
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Figure 16. Q-Q plot of Group E (Average Time in Role). The line through the center of
the plot is at a 45-degree angle. The closer the data follow this line the more likely the
data are normally distributed. However, the more the data points depart from this line,
curving upwards or curving downwards on the tails, provides evidence that the data are

exponentially distributed.
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Figure 17. Q-Q plot of Group F (Average Time Prior to Promotion). The line through the

center of the plot is at a 45-degree angle. The closer the data follow this line the more

likely the data are normally distributed. However, the more the data points depart from
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this line, curving upwards or curving downwards on the tails, provides evidence that the

data are exponentially distributed.
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Figure 18. Q-Q plot of Group G (Weighted Average Composite of Average Time in Role
and Average Time Prior to Promotion). The line through the center of the plot is at a 45-
degree angle. The closer the data follow this line the more likely the data are normally
distributed. However, the more the data points depart from this line, curving upwards or
curving downwards on the tails, provides evidence that the data are exponentially

distributed.
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Figure 19. Q-Q plot of Group H (Weighted Average Composite of all indicators of
Performance). The line through the center of the plot is at a 45-degree angle. The closer
the data follow this line the more likely the data are normally distributed. However, the
more the data points depart from this line, curving upwards or curving downwards on the
tails, provides evidence that the data are exponentially distributed.

Hypothesis 2

Group D was used to test Hypothesis 2; a composite multi-rater multi-method
measure of subjective job performance indicators will demonstrate an exponential
distribution of job performance. A mean rating of 3.43 was provided by SMEs for how
well the histogram from Group D resembles a normal distribution. The average rating
suggests that the data from Group D do not strongly resemble a normal distribution. A
mean rating of 4.00 was also provided by SMEs for how well the histogram resembles an
exponential distribution. Together these ratings suggest that the Group D may not be
normally distributed, but also that Group D is not exponentially distributed. This does not

provide support for Hypothesis 2.
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The Q-Q plot for Group D found in Figure 15 provides limited evidence that the
data are not normally distributed and may be exponential (Group D - data points
perfectly follow a 45-degree line, M = 3.14; data points significantly curve away from a
45-degree line, M = 2.71). The Q-Q plot appears to have a slight upward curve indicating
a potential departure from normality, but it does not appear to be conclusive evidence of
exponentiality. Thus, only limited support for Hypothesis 2 is provided by the Q-Q plot.

Finally, the Shapiro-Wilk test for normality was non-significant (W(203) = 0.99;

p = .096) and the modified Shapiro-Wilk test for exponentiality was also not significant
(W(203) = 0.03; p = 1.00). These findings directly conflict because the Shapiro-Wilk test
for normality suggests that the data are normally distributed while the modified
Shapiro-Wilk test for exponentiality suggests that the data are exponentially distributed.
Group D does appear to have a few extreme cases in its tails that can be characteristic of
an exponential distribution and could conceivably influence the test statistic produced by
the modified Shapiro-Wilk test for exponentiality. This is an example of why it is
important to graph and visually examine data and not rely solely on statistical tests.
Statistical tests, in rare cases, can be influenced by special cases of data. Based on the
findings for Group D, one of the two Shapiro-Wilks tests is producing results leading to
Type 11 error. As a result, no support for Hypothesis 2 was found based on this evidence.

Overall, the criteria used to test Hypothesis 2 produced mixed results. The ratings
for Group D’s histogram and Q-Q plot suggest that the data are not well characterized as
normal and also not characterized well as exponential. Group D’s histogram and Q-Q plot
both suggest that Group D possesses characteristics of both normal and exponential

distributions. This finding complements and may explain the findings from both of the
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Shapiro-Wilk tests that suggest that the data are both normal and exponential. As a result,
no clear support for Hypothesis 2 was found.

Hypothesis 3

Groups E, F, and G were used to test Hypothesis 3, objective measures of job
performance will demonstrate exponential distributions of job performance scores. The
average ratings provided by SMEs for how well each histogram resembles a normal
distribution are as follows: Group E (M = 4.43), Group F (M = 4.86), and Group G (M
= 4.86). The scale ranges from one through five where the lower the rating the more
normal the histogram. Ratings were also provided by SMEs for how well each histogram
resembles an exponential distribution and the average ratings are as follows: Group E (M
= 1.14), Group F (M = 1.14), and Group G (M = 1.14). Again, the scale ranges from one
through five where the lower the rating the more exponential the histogram. The ratings
provided by the SMEs suggest that all three histograms for Groups E, F, and G (depicted
in Figures 11, 12, and 13) are all exponentially distributed and not normally distributed.
However, although it is evident that all three histograms are exponentially distributed,
they also appear to be negatively skewed exponential distributions. Although
directionality was not explicitly hypothesized, the justification provided for an
exponential distribution argued in Chapter Two assumed a positively skewed exponential
distribution, not a negatively skewed distribution. Based on this evidence, it is concluded
that Hypothesis 3 is only partially supported.

The Q-Q plots for Groups E, F, and G (depicted in Figures 16, 17, and 18) are all
curved and have substantial departures from a 45-degree line. Each Q-Q plot was

evaluated for how much it curves away from the 45-degree line, which would indicate an
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exponential distribution. The average ratings are as follows: Group E (M = 1.14), Group
F (M =1.00), and Group G (M = 1.29). The scale ranges from one through five where the
lower the rating the more curved the Q-Q plot, indicating the data are exponentially
distributed. Each Q-Q plot was also evaluated on how well it fit a straight line at a 45-
degree angle. The average ratings provided by SMEs for how well each Q-Q plot fit a
straight line at a 45-degree angle are as follows: Group E (M = 5.00), Group F (M

= 4.86), and Group G (M = 4.86). Again, the scale ranges from one through five where
the lower the rating the better the fit to a straight line at a 45-degree angle indicating
better fit to a normal distribution.

Based on the ratings provided by the SMEs it is clear that all three Q-Q plots curve
away from a 45-degree line indicating exponential distributions. However, the Q-Q plots
curve on both ends with greater curves on the lower tails. Although this does suggest the
data in all three groups are exponential, the data are more negatively skewed than
positively skewed. Based on this evidence, it is concluded that Hypothesis 3 is only
partially supported.

The modified Shapiro-Wilk tests for exponentiality for Group E (W(203) = 0.16,

p = 1.00), Group F (W(203)=0.17, p = 1.00), and Group G (#(203)=0.11, p = 1.00)
were not significant. This provides evidence that Groups E, F, and G are exponentially
distributed and provides support for Hypothesis 3. Groups E, F, and G were also tested
using the Shapiro-Wilk test for normality. Group E (W(203) = 0.82), Group F (#(203)
=().75), and Group G (W(203) = 0.87) were all significant (p < .001). This corroborates
evidence from the modified Shapiro-Wilk test for exponentiality and provides further

support that these distributions are not normally distributed.



120

In summary, all three criteria used to test Hypothesis 3 provide consistent evidence
that Groups E, F, and G are exponentially distributed. However, after reviewing the
histograms for all three groups it is clear that these groups are negatively skewed and not
positively skewed. This finding conflicts with the argument outlined in Chapter Two that
explains the rationale for anticipating positively skewed exponential distributions in
performance data. Although, directionality was not specified in Hypothesis 3, it is
appropriate to conclude that Hypothesis 3 was only partially supported.

Hypothesis 4

Group H was used to test Hypothesis 4, a composite of subjective and objective job
performance measures will demonstrate an exponential distribution of job performance.
An average rating of 3.71 was provided by SMEs for how well the histogram from Group
H resembles a normal distribution. This average rating suggests that the data from Group
H do not resemble a normal distribution. An average rating of 2.86 was also provided by
SME:s for how well the histogram resembles an exponential distribution. These ratings
indicated that the histogram for Group H (Figure 14) was slightly exponential. However,
this histogram was again negatively skewed. Although directionality was not explicitly
hypothesized, the justification provided for an exponential distribution argued in Chapter
Two would have assumed a positively skewed exponential distribution, not a negatively
skewed distribution. Based on the evidence from this criteria, it is concluded that
Hypothesis 4 is only partially supported.

The Q-Q plot for Group H (Figure 19) is curved and does depart from a 45-degree
line (Group H — data points perfectly follow a 45-degree line, M = 4.29; data points

significantly curve away from a 45-degree line, M = 1.57). The curved plot does indicate
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an exponential distribution. However, the Q-Q plot curves on both ends with a greater
curve on the lower tail. Although this does suggest the data for Group H is exponential, it
appears that the data are more negatively skewed than positively skewed. Based on this
evidence, it is concluded that Hypothesis 4 is only partially supported.

In addition, the modified Shapiro-Wilk test for exponentiality (W(203) = 0.13) was
not significant (p = 1.00)’ and the Shapiro-Wilk test of normality (W(203) = 0.95) was
significant (p <.001). This provides support for Hypothesis 4, that Group H is
exponentially distributed.

All three criteria used to test Hypothesis 4 indicate that Group H was exponentially
distributed. However, given the directionality of the distribution for Group H, it is
concluded that Hypothesis 4 is only partially supported. Similar to the other hypotheses,
Hypothesis 4 did not specify directionality, but based on the arguments for exponentiality
in Chapter Two a positively skewed exponential distribution would have been assumed.
Summary of Results

Some evidence supporting all four hypotheses was found. Figure 20 provides a
summary of ratings provided by SMEs for each group of performance indicators.
Hypotheses 1 was only partially supported. Graphical evidence was found that
managerial ratings of performance may better resemble a normal opposed to exponential
distribution of performance. However, evidence from test statistics also suggest that the
managerial ratings used in the current study did depart, to some extent, from normality

and may have characteristics of an exponential distribution.

* A p-value of 1.00 is a convention of the software program used to calculate the Shapiro-Wilk Test. A 1.00
p-value means that the p-value was so close 1.00 that the program rounded it to 1.00 similar to how a p-
value that is approaching 0.00 is typicatly rounded to 0.00.



122

Hypothesis 2 had the least support of all four hypotheses. Graphical, as well as
statistical evidence, produced mixed results. The lack of evidence found for this
hypothesis may suggest that for the present data, multi-trait multi-rater indicators of
performance produce a distribution that is best characterized by neither a normal or an
exponential distribution. Instead, it may be concluded that this type of data results in an
exponentially modified Gaussian distribution that presents characteristics of both
exponential and normal distributions.

The strongest support was found for Hypothesis 3 and Hypothesis 4, suggesting that
objective indicators of performance, as well as composite indicators of performance that
include both objective as well as subjective indicators of performance, are most likely to
be exponentially distributed. All criteria used to evaluate Hypothesis 3 and Hypothesis 4

consistently indicated the presence of exponential distributions.
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Figure 20. Graph of all ratings provided by SME:s for each indicator of performance. The
X-axis represents ratings provided for how well each histogram represents an exponential
distribution. The y-axis represents ratings provided for how well each histogram
represents a normal distribution. This graph demonstrates a continuous trend between
exponentiality and normality as indicators of performance move from objective to

subjective.



CHAPTER FIVE

DISCUSSION

Partial support was found for all four hypotheses. Evidence suggests that ratings of
performance provided by managers may be characterized as normally distributed.
Evidence also suggests that objective and composite indicators of performance possess
characteristics of exponential distributions. Although composite and exponential
distributions were negatively skewed, there was still evidence that these indicators were
exponentially distributed and provided greater differentiation between top and bottom
performers. It is noted that previous research (e.g., O’Boyle & Aguinis, 2012; Aguinis &
O’Boyle, 2014), demonstrated positively skewed exponential distributions and the
current study argued for the existence of exponential distributions of performance
indicators based on this previous research. Thus, the current findings directionally (i.e.,
negatively skewed distributions) conflict with the directionality of previous research
findings (i.e., positively skewed distributions) which may impact the interpretation of
results and future theory, but should not negate the value of the current findings (i.e., the
exponentiality rather than normality of the distributions).

There are various situational, as well as theory driven explanations, that help
explain why current findings obtained negatively skewed opposed to positively skewed

distributions of performance. A review of two theoretical explanations followed by
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potential situational explanations may help understand these results. Theory-based
explanations of negatively skewed distributions will be reviewed in terms of Attraction,
Selection, Attrition Theory (ASA; Schneider, 2001), which has close ties to
person-environment fit (Kristof-Brown, Zimmerman, & Johnson, 2005) and goal-setting
theory (Locke & Latham, 1990).

ASA Theory argues that job applicants that have the best fit to an organization are
more likely to apply to work for the organization, are more likely to be selected by the
organization, are more likely to have longer tenure with the organization, and are more
likely to demonstrate better performance (Schneider, 1987; 2001; Ployhart, Weekley, &
Baughman, 2006). The concept of fit has also been generally recognized as a foundation
for employee behavior (Saks & Ashforth, 1997).

Based on a meta-analysis by Kristof-Brown, et. al., (2005), there can be many
different kinds of fit, such as fit to an organization, fit to a specific job, fit to a manager,
and fit to team, to name a few. More specifically, fit can mean the congruence between a
person’s personality, values, interests, knowledge, skills, and abilities with an
organization. This meta-analysis also demonstrated a direct link between fit and job
performance, as well as many additional outcomes that are related to better performance
such as increases in organizational commitment, job satisfaction, and lower turnover
rates.

Through the lens of ASA Theory and fit, it would be assumed that an organization
is more likely to possess many employees with a high degree of fit and a fewer number of
employees with less fit. Employees with less fit would be more likely to self-select

themselves out of an organization, thus leaving a larger number of good fitting
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employees. In terms of a negatively skewed performance distribution, this would mean a
larger number of employees with good fit and better performance and a decreasing
number of employees with less fit and potentially lower performance. This is one
potential explanation as to why a negatively skewed performance distribution may be
more likely to occur.

The second theory that may explain why a negatively skewed distribution of
performance was found instead of a positively skewed distribution of performance is
Goal-Setting Theory (Locke & Latham 1990; 2002). In its most basic form, Goal-Setting
Theory argues that when goals are specific and difficult, they can lead to higher levels of
performance (Locke & Latham, 2006). In the current study, all employees annually
created difficult specific goals. Recall that employees created both short-term and
long-term goals each year that were evaluated here as managerial ratings of short-term
and long-term performance. Although exponential distributions of performance were not
found for managerial ratings based on the sole performance of these goals, when
performance was evaluated holistically using a composite measure comprised of both
objective and subjective indicators of performance, a negatively skewed performance
distribution was found.

It seems reasonable to conclude that composite measures of performance, which are
likely measuring more of the performance construct space (Viswesvaran, 1992), are also
more likely to reflect the impact that the use of difficult specific goals have on
performance. Thus, the use of difficult specific goals by everyone in the sample may
explain why there were a large number of high performing employees and a smaller

number of lower performing employees, resulting in a negatively skewed exponential
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distribution. If an organization did not require employees to set difficult specific goals
each year, then it is possible that there would be fewer top performers and greater
attenuation leading to a positively skewed performance distribution.

Considering the potential impact fit and goal-setting may simultaneously have on
distributions of performance may help explain why negatively skewed distributions were
found in contrast to previous research (e.g., O’Boyle & Aguinis, 2012). The use of
difficult specific goals and the lens of ASA Theory both predict higher levels of
performance within organizations. Given that a minority group of employees within an
organization are likely to exist that have decreasing degrees of fit and that difficult
specific goals do not perfectly predict performance, it may be reasonable to expect the
majority of employees will demonstrate high levels of performance. Simultaneously it
would be expected that the minority group of employees would demonstrate decreasing
levels of performance, resulting in a negatively skewed exponential distribution opposed
to positively skewed exponential distribution.

With few exceptions (e.g., Micceri, 1989; Murphy, 1999; Saal, Downey, & Lahey,
1980), 1-O psychological research has historically assumed job performance to be
normally distributed (Murphy, 2008). Previous literature lacked methods for critically
evaluating and classifying distributions of job performance. This study successfully
evaluated and classified eight separate groups of performance indicators and examined
several methods that can be used by organizations and researchers to determine the
distributions of performance data. This study has also demonstrated the impact that
different types of indicators of performance can have on observed distributions of

performance (see Figure 20). Although all four hypotheses were only partially supported,
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current findings demonstrate that combining multiple indicators of performance and
leveraging objective indicators of performance can produce greater differentiation
between top and bottom performing employees. By combining multiple indicators of
performance and by incorporating objective indicators of performance, greater variance
was achieved in each distribution. Greater variance inherently allows for greater
differentiation, but also altered each distribution such that fewer people were clustered
around the center of each distribution and more people were in the tail of the distribution.
As a result, this created greater differentiation between top and bottom performers.
Perhaps more importantly, this study revealed a continuum from normal
distributions to exponential distributions between multiple types of indicators of job
performance, which might represent a conceptual framework for a new classification
scheme of job performance measures. This study demonstrated that managerial ratings
were most likely to resemble normal distributions, composite subjective indicators were
most likely to possess characteristics of normal as well as exponential distributions, and
objective indicators were most likely to resemble exponential distributions. Furthermore,
composite scores comprised of both objective and subjective measures, which arguably
may provide the most accurate measurement of performance (e.g.. Viswesvaran, 1993),
presented more characteristics of an exponential distribution than a normal distribution.
As a result, this study provides insight as to why distributions of job performance have
been the subject of debate. Instead of job performance possessing an innate normal
distribution, it may be more appropriate to conclude that the observed distribution of job
performance is influenced by the types of indicators being used to measure job

performance.
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Theoretical and Practical Implications

If, as the current study suggests, the type of indicator used to measure job
performance does influence the observed distribution of performance, this finding could
have various implications. For example, this finding could impact how to choose the best
type of analysis when validating selection systems or how to choose the best performance
indicators when planning for succession. Present findings may also have implications for
future theory related to distributions of performance. For instance, when attempting to
validate a selection system, if only subjective indicators are used, it may be most
appropriate to use traditional methods and statistics such as linear regression. However, if
objective measures of performance are used alone as criteria or in combination with
subjective measures, alternative methods and statistics may be more appropriate for
validation (e.g., non-parametric tests or non-linear regression). By matching statistical
tests to the type of performance measure used as criteria in the validation study or (even
more directly) to the observed performance distribution, it may be possible to enhance the
validity for selection systems.

In terms of succession planning or being able to better differentiate employee
performance, these findings suggest that organizations may be better off leveraging
objective indicators of performance or composite measures that account for objective as
well as subjective measures. Leveraging objective indicators of performance or
composite indicators comprised of objective and subjective performance indicators may
achieve greater differentiation between employees. In turn, the use of these types of

measures may make it easier for organizations to identify gaps in their talent.
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If organizations can better understand their distributions of performance and
achieve greater differentiation between top and bottom performers, then they may be
better equipped to strategically utilize resources to improve performance. For instance, if
the same methods utilized in the current study were applied, organizations could evaluate
performance distributions across various functions and roles within their organizations.
Through these analyses, organizations would be able to differentiate more easily between
top and bottom performers across as well as within functions and roles. Organizations
should be better equipped to identify some functions or roles for which they may have
many top performers whereas in other functions or roles they may only possess a few top
performers. Conversely, some organizations may find that in certain functions they
possess a larger degree of low performing employees. Armed with the capability to better
differentiate top and bottom performers, organizations will be better prepared to develop
new human capital workforce strategies that can focus on retaining top performers and
provide resources to improve the performance of the lowest performers. Organizations
should also be able to plan for the future and enable activities such as succession
planning to better identify where there are gaps in their talent and where they may need to
devote resources.

The value of being able to differentiate between top and bottom performers may
further be realized by comparing normally distributed indicators of performance such as
the managerial ratings to the exponentially distributed indicators, such as the objective
indicators and composites of objective and subjective indicators. When comparing these
indicators, it becomes evident that when using only managerial ratings of performance

not enough variance in performance is captured which results in top and bottom



131

performers being compressed into the middle part of the distribution (i.e., less
differentiation). Objective and composite measures (comprised of objective and
subjective indicators), on the other hand, demonstrate greater variance in performance,
which helps to generate greater differentiation between employee performance and more
easily identify top and bottom performers.

According to Gravett and Caldwell (2016), at a time when the war for talent is at an
all-time high, being able to successfully differentiate top and bottom performers may
have a large impact on the success of organizations. Instead of identifying a few star
performers, these findings identified a large proportion of employees demonstrating a
high degree of performance and provided greater differentiation among lower performing
employees. One interpretation of these findings is that indicators of performance used in
the current study do not differentiate well between employees that demonstrate a high
degree of performance. It is also possible that there may be other factors, which were not
measured in the current study, such as organizational culture, that may have attracted and
retained a large number of top performers. These findings suggest that the organization
from which the sample was derived may already be successfully retaining top performers.
It is also important to note that in the population job performance could be normalily
distributed and that samples of employee performance are potentially bound and
influenced by the organizations from which they are derived. As a result, the sample from
which data are derived and the type of performance indicators used may both play a
larger role in the shape of performance distributions than previously assumed. As a result,
it may be important for researchers to identify and report potential organizational factors

that could influence findings as well as the type of performance indicators leveraged
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opposed to attempting to emphasize findings as general phenomenon that can be applied
broadly.

Furthermore, given that the present findings were negatively exponentially skewed,
the question is raised of whether or not it is reasonable to consistently expect any specific
distribution of performance. Recall that Viswesvaran (1993) demonstrated that when
combining multiple indicators of performance, more of the theoretical job performance
construct space could be measured. Thus, it may be appropriate to assume that the most
representative distribution of job performance is derived from multiple indicators of
performance. In the current study, Group H represents the combination of multiple
indicators of objective as well as subjective performance indicators. This distribution was
found to be negatively exponentially skewed. This is in contradiction to previous research
that has found positively skewed exponential distributions of performance (e.g., O’Boyle
& Aguinis, 2012) and other research which argues that job performance should be
normally distributed (e.g., Beck, Beatty, & Sackett, 2014). It is possible that present
findings are exponential not because they accurately reflect job performance, but rather
because they are severely influenced by error or criterion irrelevance. However, this
explanation is improbable because multiple multi-rater, multi-trait and objective
indicators were used. In turn, it may be possible that Group H, which was exponential,
may best represent an innate distribution of performance.

If Group H is cautiously assumed to be an accurate representation of job
performance then it becomes necessary to explore alternatives as to why current findings
were not entirely consistent with previous research (e.g., O’Boyle & Aguinis. 2012). For

instance, distributions of job performance may not have an innate shape or classification.
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Instead, they may be a function of the quality and type of performance indicators, the age
of an organization, an organization’s ability to attract and retain different types of
employees, and the organizations system for selecting employees. To elaborate, if an
organization is desirable and offers employees many resources, it may be able to retain a
larger proportion of top performers. In this instance, an organization may expect to find a
negatively skewed exponential distribution of performance. If an organization has a valid
selection system that has been in use for many years, the organization may also expect to
find a larger proportion of top performing employees. However, if an organization has
only recently started using a valid selection system, the organization may expect a
distribution of performance that includes a lower proportion of top performers. Thus,
there are many factors that may influence a distribution of job performance and it may
not be appropriate to assume that job performance possess an innate distribution that is
always normal or exponential regardless of whether or not the data is subjective,
objective, or a combination of the two.

Additionally, previous research (e.g., O’Boyle & Aguinis, 2012; Aguinis, et. al.,
2016) only relied on objective indicators of performance to identify exponential
distributions which resulted in postive skewness. Although the objective indicators in the
present study were negatively skewed, a negatively skewed distribution was also found
when accounting for subjective indicators of performance. This means that directionality
of skew in present findings could be in opposition to previous research because the
present findings are accounting for more of the performance construct space. Therefore, it
is possible that the present findings were negatively skewed opposed to positively skewed

because more of the performance construct space is being measured.
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Regardless of why current findings were negatively skewed, differentiation between
top and bottom performers was achieved. This differentiation could be used by
organizations to more easily identify a group of top performers and with greater ease
justify allocation of resources to top performers opposed to low performers. In
comparison to a normal distribution, the exponential distributions more clearly
differentiate performance between top and bottom performers. Therefore, the results from
this study can help organizations more easily identify their lowest performing employees
and subsequently remove them or provide them with guidance to improve their
performance.

In summary, this study demonstrates that the type of job performance indicator used
to measure job performance can affect the observed distribution of job performance and,
ultimately, the amount of differentiation between employees. This study also suggests
that in terms of understanding distributions of performance, it may also be important for
organizations to take into account not only the type of indicator used to measure job
performance, but also organizational factors such as selection techniques, age of the
organization, and prestige of the organization. Finally, this study reveals the possibility
that there is a continuum of distributional forms that underlies job performance indicators
that could lead to a new classification scheme for job performance measures.

Study Limitations

Although the results of the current study may have valuable practical and
theoretical implications, certain limitations should be acknowledged. First, it is important
to comment on the sample used in the current study. The sample was global, but it

primarily consisted of employees from a large organization that worked within
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information technology and held management positions. As a result, current findings may
not generalize well to small organizations, other organizational functions, or
non-managerial roles. Future research should attempt to replicate current findings in
different organizations of varying size, different organizational functions, and a variety of
non-managerial roles. Second, this study is the first of its kind. Only through additional
research can the strength and generalizability of current findings be realized. Third, there
was likely error in the measurement of job performance, an inherent issue in the
measurement of job performance. By ensuring all employees included in the sample had
been assessed on the same indicators of performance, the error was likely held constant
across all measures allowing differences in distributions of performance to be more likely
attributed to the indicator of performance rather than to error. Each indicator of
performance may have possessed its own unique type of error, but this error would have
then likely been constant across all employees.
Future Research

Based on limitations of the current study, future research should attempt to replicate
current findings using samples derived from organizations of varying size, employees of
varying organizational functions, as well as leverage non-managerial employees. Future
research should also attempt to identify and test additional factors that could influence the
distribution of job performance beyond the impact of measurement tools and error while
accounting for the type of indicator used to measure job performance. Potential factors
that future research could explore that may impact the shape of performance distributions
include types of selection systems organizations use, if any, and for what length of time

they have been implemented. Other factors may include prestige of the organization,
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organizational climate and culture, and external factors such as the demand and
opportunity for specific skills external to the organization. Once future research has
tested the potential impact of additional factors on job performance, a typology of job
performance distributions could be generated that could set a baseline for organizations
regarding the type of distributions of performance expected. Current findings could be
used as a starting point for a typology of expected performance distributions since the
current research has demonstrated that different types of indicators of performance are
more likely to generate different types of distributions. Finally, an open system
perspective may be one theory used by future research to aid in the interpretation of
results.
Conclusions

The current study demonstrates that job performance should not always be assumed
to be normally distributed. The findings suggest that, at least in part, distributions of job
performance may be influenced by the type of job performance indicator used to measure
performance. Initial groundwork has been laid to help organizations better anticipate the
type of distribution they can expect to find when leveraging different indicators of
performance. This study also identifies high fidelity evaluation tools that can be used to
evaluate future indicators of performance and the resulting distributions. Finally, this
study provides direction to organizations to enable them to better differentiate between

top and bottom performers.
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