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Employers are facing a skills shortage in the labor market: there are not enough workers
who can perform the complex decision-making tasks that characterize 21st-century work.
This manuscript aims to stimulate research investigating the relationship among individual
differences, decision-making aptitude, and decision performance. We offer guidelines
for future research by laying out a framework to unify disparate streams of research from
organizational science, and judgment and decision-making research. We advocate for the
use of pattern-oriented analytical approaches to capture the complexities of the predictor
and criterion space.

Employers are facing what is being referred to as the
“global skills shortage” or “global skills crisis” (e.g., Hays,
2018; IBM, 2016; Schumann, 2018; Society for Human
Resource Management, 2019) that is worsening over time,
impacting productivity growth at individual, organizational,
and societal levels (Industrial Strategy Council, 2019; McLaren, 2018). For example, in 2018, the U.S. reported seven million job openings, but only 6.3 million unemployed
workers (skilled and unskilled) were available to fill them
(SHRM, 2019). By 2030, this global skills shortage could
cost organizations across the globe trillions of dollars (Korn
Ferry, 2018; McLaren, 2018).
Leaders consistently rank decision-making capacity
at the top of the list of skills in shortage across the globe
(Bakhshi et al., 2017; Industrial Strategy Council, 2019).
According to a report from McKinsey Global Institute
(2018), the demand for effective decision making will grow
at cumulative, double-digit rates in the United States and
Europe through 2030. Accordingly, some of the world’s
largest organizations, including Google, Starbucks (Schneider, 2017; Tsipursky, 2018), and the Department of Defense (e.g., National Research Council, 2015), are seeking
solutions to the shortage of skilled workers, presenting an
opportunity for organizational scientists to offer support to
leaders.
The judgment and decision making (JDM) literature
has generated an abundance of knowledge about decision
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processes and task characteristics that define how people
make decisions (Bazerman & Moore, 2013; Beach, 1996;
Byrnes, 2011; Driskell & Salas, 1991; Hastie & Dawes,
2001; Highhouse et al., 2014). Much less is known about
the predictors involved in high-performance decision-making behavior in organizations (Dalal & Brooks, 2014; Mohammed & Schwall, 2009; Oreg & Bayazit, 2009), particularly the role of individual differences in the process. The
lack of research provokes two key questions: (a) Why do
people make the decisions they make, and (b) to what extent do these differences stem from individual differences?
It is critical to understand the complexity of individual
differences in decision-making capacity because findings
can help develop organizational leaders’ and employees’
decision-making skills. However, the research conducted to
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date in this area (e.g., Appelt et al., 2011; Shanteau, 1992;
Starcke & Brand, 2012) is fragmented, lacking the unifying
framework necessary to inform practical interventions.
The purpose of this manuscript is twofold. First, we
outline a conceptual, theoretically based framework for
decision-making aptitude and performance that unites an
otherwise fragmented body of research. Drawing from selection and job performance theory, we explain how we can
begin to integrate and unify research findings from JDM
with organizational science. We offer a cross-disciplinary
approach to provoke scientific research that investigates the
complex relationships among individual differences, decision-making aptitude, and decision performance. The second purpose of this paper is to advocate for methodological
and analytical tools novel to the decision-making field. We
describe the power that mixture modeling techniques grant
researchers in integrating much of what we know from prior
literature and allowing researchers to approach individual
differences and decision making from a holistic perspective.
Taking a holistic approach allows researchers to capture the
complexity of the decision-making process. We argue that
this unifying framework and corresponding methodological
recommendations give organizational scientists considerable promise to advance workplace decision-making research and practice that reduces the decision-making skills
shortage in the labor market.
A Unifying Framework
Researchers can expand the understanding of decision-making aptitude by examining the role individual
differences play in the decision-making process and decision-making behaviors by using the same approach typically used in employee selection and job performance research.
We advocate for this approach because decision making
is a narrow dimension of job performance (Campbell &
Wiernik, 2015; Dalal & Brooks, 2014). Because they are a
dimension of job performance, any cognitive or behavioral
actions associated with workplace decision-making processes are, by definition, performance behaviors. Fortunately, more than a century’s worth of selection research exists
to further understand decision-making aptitude (Binning &
Barrett, 1989; Ryan & Ployhart, 2014; Sackett et al., 2017)
and develop a useful framework to unify the fragmented
literature.
Defining Decision Making as a Dimension of Job Performance
There are two critical steps involved in understanding,
explaining, and predicting any type of performance in the
workplace: (a) conceptualizing the criterion domain and
(b) mapping predictors onto the criterion. The first step is
to conceptualize the criterion domain, which, in this case,
is decision-making (job) performance. Job performance
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is defined as behaviors that contribute to organizational
goals (Borman et al., 1997; Borman et al., 2014; Campbell
et al., 1996; Guion, 2011). Performance theory states that
job performance can be specified by defining the behaviors
needed to enact the tasks that contribute to organizational
goals (Campbell et al., 1996; Sonnentag & Frese, 2002).
Thus, if defining job performance starts with defining the
key behaviors enacted to perform the tasks, then we can use
descriptive decision-making research to define the fundamental behaviors enacted to perform the decision tasks.
Myriad decision models and paradigms from prior JDM
research can be useful for identifying the key performance
behaviors and building the conceptualization of workplace
decision-making performance (Highhouse et al., 2014).
Below we briefly discuss prominent findings from JDM
research, not with the intent of comprehensively reviewing
the literature (c.f., Weber & Johnson, 2009) but rather to explain how the findings can be integrated into organizational
research to conceptualize decision-making performance and
its nomological network.
A significant focus in JDM research has sought to
understand how people make decisions. Findings detail a
common set of behaviors in which people engage when
making decisions, which can be used to define the decision-making performance domain (Hastie & Dawes, 2001;
Weber & Johnson, 2009). We know the general process and
fundamental behaviors of decision making include initiating action, gathering information, generating and assessing
options, and assigning value to outcomes (Anderson, 1971;
Beach, 1996; Hastie & Dawes, 2001; Mitchell, 2017; Weber
& Johnson, 2009). When people make decisions, they rely
on both intuitive (unconscious) and deliberate (conscious)
thought processes (Evans, 2008). Other cognitive functions,
such as attention, perception, and memory retrieval, also
play roles in the decision-making process (Lachter et al.,
2004; Simon, 1978). Collectively, this body of research
shows that human beings are limited in their capacity to
intake, encode, remember, and process information (i.e., we
have bounded rationality; Simon, 1955, 1978), and therefore, are inherently flawed decision makers.
Another focus driving much of JDM science is how
people should make decisions. Within this body of research,
rationality — defined by axiomatic principles of logic and
probability — is deemed the optimal approach to decision
making (Hastie & Dawes, 2001). Poor decision making is
marked by deviations from normative or optimal choices (Hastie & Dawes, 2001). Kahneman and colleagues
(Kahneman, 2011; Kahneman & Tversky, 1979; Tversky &
Kahneman, 1974) identified a set of mental shortcuts (cognitive heuristics) that lead to irrational or poor choices. For
example, when in the information gathering stage, people
often seek information that confirms their existing beliefs,
referred to as confirmation bias (e.g., Harvey & Woodruff,
2013). Reliance on cognitive heuristics, however, also has
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advantages; in some situations, it can improve decision
making, particularly when decisions need to be made rapidly, and there is no time to deliberate (Gigerenzer & Gaissmaier, 2011).
A third focus has been on investigating which situational factors influence decision making and to what extent
they influence how a person makes a decision. Naturalistic
decision-making approaches seek to understand the environmental factors that influence decision making, including
pressure, time constraints, complexity, and expertise in nonexperimental, “real-world” decision-making environments
(Klein, 2008; Klein & Klinger, 1991). Also of central concern is determining which strategies people use when making decisions in high-uncertainty, high-stakes, and unstable
conditions (Klein, 2008). Decision characteristics (e.g.,
level of complexity), types (e.g., tactical, strategic, hiring),
and organizational characteristics (e.g., cultural norms) all
influence decision behaviors. For example, people differ in
the type of advice they seek and utilize (Dalal & Bonacco,
2010), the extent to which they devalue rewards if there is
a delay in their attainment (Odum, 2011), and how they set
decision-making goals (Krantz & Kunreuther, 2007). Research in this area has shed light on the notion that people
centrally rely on their expertise and intuition when making
decisions (Salas et al., 2010).
In sum, JDM research findings and theories serve as
critical informants to identify key decision-making performance behaviors. However, they are not sufficient for
comprehensively understanding workplace decision making
because workplace decision-making tasks are often ill-defined, fraught with competing goals and feedback loops,
and are typically embedded in a hierarchy of tasks (Klein
et al., 1993). Thus, workplace decision-making researchers
should use multiple types of performance data (choice, behaviors, perceptions, objective outcomes) to assess the various dimensions of workplace decision making. One scale
that exists in organizational science is a self- and peer-rating scale that focused on various reactions and perceptions
of decision quality (Wood & Highhouse, 2014). Objective
performance indicators (e.g., revenue) and outcomes of the
decision (e.g., increased turnover) will also be critical to
fully understand the phenomenon.
Mapping Individual Differences Predictors
The second step involved in predicting decision-making performance is to identify the predictor constructs that
conceptually map onto the decision-making performance
domain, the development of which we defined as the first
step in understanding workplace decision making (Borman
et al., 2014; Hough & Ones, 2001; Schneider et al., 1996).
We discuss two categories of relevant predictors and their
significance in understanding decision-making behavior:
distal and proximal antecedents.
Distal antecedents. Distal antecedents include indi-
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vidual difference constructs that are relatively stable characteristics of people, such as their cognitive, conative, and
affective attributes.
Cognitive predictors. Cognitive abilities can explain
one’s ability to process any information needed to make
decisions (Corno et al., 2002). Cognitive abilities (e.g.,
reasoning, verbal, quantitative) refer to the mental capacity
people have to inductively and deductively reason with various forms of information (Carroll, 1993; Reeve & Bonaccio, 2011). As Reeve et al. (2015, p. 3) explain, cognitive
abilities manifest “behaviorally as the ability to obtain and
understand information (i.e., to learn), process information
(i.e., reason), and use information to make appropriate decisions (i.e., solve problems in context).” For example, quantitative reasoning (one’s capacity to reason with numerical
information) influences decisions that involve analysis of
data such as a patients’ interpretation of statistical information related to treatment (Brunyé et al., 2018). Another
study found that spatial ability (one’s capacity to process
and manipulate visual information) influenced decision
making in navigation and wayfinding (Lipkus et al., 2012).
Conative predictors. Conative attributes (i.e., desires,
motivations, preferences, behavioral tendencies) influence
where people direct behavior, expend effort, the intensity of
the effort, and the duration of the effort (Blais et al., 2005;
Corno et al., 2002; Levin et al., 2000; Schwartz et al., 2002;
Weber & Johnson, 2009). For example, Scott and Bruce
(1995) defined five types of decision styles — rational, intuitive, spontaneous, avoidant, dependent — that describe
the manner in which people approach decision making. Magee and Langner (2008) found that an individual’s power
motivation led to antisocial decisions if self-serving, but if
the power motivation was other serving, it led to prosocial
decisions. When people make decisions they also differ in
the extent to which they satisfice (i.e., pursuing a “good
enough” option) or maximize (pursuing the best option),
referred to as maximizing tendency (Diab et al., 2008;
Iyengar et al., 2006; Schwartz et al., 2002). People who are
high in delay discounting—the tendency to devalue rewards
if they are not immediate—are more likely to place a lesser
value on outcomes that take longer to reach and more value
on outcomes that appear in shorter time frames (Kirby et
al., 1999; 2005; Odum, 2011; Young, 2017). Indecisiveness,
the tendency to postpone making the decision, can lead to
negative consequences where the speed of decision is valued and needed in the decision-making process (Shortland
et al., 2018).
Affective predictors. Affective attributes influence how
people make decisions by directing attention, shaping how
feedback is interpreted, and determining which information
gets encoded (Starcke & Brand, 2012; Weber & Johnson,
2009). For example, mood can influence whether decision-makers focus attention on the disadvantages or advantages when choosing amongst alternative options (Chou et
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al., 2007). Emotions such as anger or fear can reduce the
time spent making the decision (George & Dane, 2016;
Weber & Johnson, 2009). Stress is another significant emotional response that can alter how people make decisions by
speeding up the decision process (Driskell & Salas, 1991;
Starcke & Brand, 2012; 2016).
Proximal antecedents. Proximal antecedents are different from distal antecedents in two ways. First, they are
not exogenous factors (i.e., causal variables) but rather are
endogenous factors (i.e., caused by other variables) that
can be learned, acquired, and improved over time (Byrnes,
2011). Proximal antecedents are determined by cognitive
ability, interests, conative attributes, and other exogenous
factors (Ackerman, 1996; Corno et al., 2002). Second,
proximal antecedents are domain specific; they do not
generally apply to all situations. For instance, knowledge
of accounting principles is only useful for tasks related to
managing finances.
Knowledge and skills. Knowledge and skills are central to decision making. Over time, as individuals gain
experience, they are able to identify appropriate responses,
and through practice, they gain mastery (Ericsson, 2008).
Acquiring knowledge can reduce the time it takes to make
a decision because individuals are able to generate rapid,
adequate actions with diminishing effort (Jensen, 1998).
Expertise, which is an accumulated wealth of knowledge
on a specific topic, is central to decision making because
people rely on their experience (Klein et al., 1993). However, expertise can harm decision making, as experts are
more overconfident and more likely than nonexperts to rely
on heuristics or mental rules of thumb (Farrington-Darby &
Wilson, 2006; Shanteau, 1992).
Although central to decision making and conceptually
appealing, several scientific disadvantages of measuring
knowledge and skills in research exist, including a dearth
of construct validity studies (Dalal & Brooke, 2014), poor
psychometric properties, and evidence of construct redundancy (Blacksmith, Behrend, et al., 2019; Blacksmith,
Yang, et al., 2019; Reeve & Basalik, 2011). Furthermore,
they often lack explanatory power, which can be both theoretically and methodologically problematic for advancing
our understanding of why people make decisions (Corno
et al., 2002; Reeve et al., 2015). As such, researchers have
advocated for a focus on distal antecedent constructs with
established validity evidence instead of directly assessing
skills when predicting workplace phenomena (e.g., Reeve
et al., 2015). We discuss this approach in more detail below.
Investigating the Complex Predictor Space
Both the criterion and predictor spaces for workplace
decision making are complex and contain numerous constructs. We propose that researchers ought to treat decision
performance (behaviors) as the criteria in a process-based
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mediation model, where relatively stable individual differences (distal antecedents) impact knowledge and skill
acquisition (proximal antecedents), which in turn influence
decision performance (behavior). Decision performance
can also be moderated by task or environmental characteristics (Ackerman, 1996; Klein et al., 1993; Reeve et al.,
2015). This approach is grounded in “metatheories” of
aptitude that provide a more comprehensive understanding
of aptitude by integrating various domains of differential
psychology (Reeve et al., 2015). An aptitude is formally
defined as the “degree of readiness to learn and to perform
well in a particular situation or domain” (Corno et al., 2002,
p. 3). Metatheories of aptitude include Ackerman’s (1996)
intelligence as process, personality, interests, and intelligence as knowledge (PPIK), and Chamorro-Premuzic and
Furnham’s (2005) intellectual competence theory. PPIK
theory hypothesizes that abilities, interests, and personality
develop concurrently and give rise to knowledge structures
(Ackerman, 1996). For example, individuals higher in mental ability will likely be interested in complex domains such
as science, and their personality will act as a motivator to
acquire scientific knowledge.
Chamorro-Premuzic and Furnham’s (2005) intellectual
competence theory posits that aptitude is developed in a
manner that relies on the individual’s combination of cognitive, affective, and conative traits as fundamental determinants. Combinations of individual differences have been referred to as compound traits, which are linear combinations
of personality variables (Credé et al., 2016), and construct
constellations, which include a broader range of individual
differences constructs such as ability or affect (Reeve et al.,
2015).
Methodological Approaches
Despite the various theories (e.g., PPIK, intellectual
competence theory) surrounding construct constellations,
the methods used to test these theories lag behind. Organizational science has largely mastered the use of methods
that analyze relationships among individual variables and
dimensions (i.e., variable-oriented approach; Magnusson &
Stattin, 2006), but the use of methods to study the relationship among combinations of constructs (i.e., pattern-oriented or person-oriented approach) occurs infrequently.
Cluster analytic methods are one way to study combinations of constructs. There are numerous types of cluster
analysis, including partition based, hierarchical, fuzzy,
density based, and model based (e.g., Chen et al., 1998;
Fraley & Raferty, 1999; Sander et al., 1998). The purpose
of cluster analyses is to identify clusters or sets of variables
for different purposes, such as dimension reduction/preprocessing, identifying similarities among data points, identifying patterns, or uncovering subgroups (Aldenderfer &
Blashfield, 1984; Romesburg, 2004). This is typically done
by using a distance metric (e.g., euclidian) in order to max-
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imize similarity among sets of data points within clusters
and to maximize differences between clusters.
Of particular interest for this paper are model-based
cluster approaches, specifically mixture models. A detailed
discussion of the different types of mixture models is beyond the scope of this paper. Thus, we focus on two types
we believe are particularly relevant for the study of decision
making: latent profile analysis (LPA) for continuous data
and latent class analysis (LCA) for categorical data. LPA
and LCA differ from classic cluster analysis methods in that
they assume the existence of underlying, latent subpopulations that give rise to the observed data (Oberski, 2016).
They also differ in that they are model-based approaches
that produce fit estimates of profiles/classes and then classify individuals based on relative probability estimates only
after the profiles or classes have been identified (Foti &
McCusker, 2017). That is, latent profiles/classes of individuals with similar patterns of dimensions are identified and
organized into meaningful subgroups based on the relative
probability that an individual belongs to a particular subgroup (Bergman & Wångby, 2014).
LPA and LCA are often referred to as pattern-oriented
methods, and although they are used rarely in the organizational sciences, they can address many of the concerns
we have discussed in this paper thus far (Lanza & Collins,
2006). Compared to variable-oriented methods, where the
unit of analysis is a single variable score, the unit of analysis in pattern-oriented methods is a profile or class representing a latent subgroup assigned to an individual based on
a probability calculated from the combination of scores on
multiple variables (Meyer et al., 2013). Although we recognize that pattern-oriented and variable-oriented approaches
differ both theoretically and methodologically (Bergman &
Trost, 2006), for the purpose of this paper, we focus on the
techniques’ methodological aspects (see Foti & McCusker,
2017 for a review of the theory-method distinction). Instead
of focusing on the relationships between individual variables and outcomes, pattern-oriented approaches focus on
the relationships between sets of variables and outcomes.
They are aligned with research examining inherently complex constructs, where sets of variables (i.e., constellations)
interact to produce relationships, constructs, or processes
that are substantively different from the individual variables
alone. This is precisely why pattern-oriented methods, such
as LPA and LCA, are used to study individuals (most commonly outside of the organizational sciences), because they
assume individuals are intricate systems of interdependent
components interacting in a dynamic and complex fashion
both with each other and with the system’s environment.
If we want to study and predict the complex behavioral processes of decision making, we ought to study the
individual holistically (Bergman & Magnusson, 1997), as
an idiosyncratic decision maker. That is, instead of a piecemeal approach that focuses on the bivariate correspondence
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between individual predictors and outcomes, a unified,
parsimonious approach would involve studying multiple
constructs in conjunction with each other to see how they
collectively interact with each other and the environment to
impact decision-making behavior.
We envision at least three ways that pattern-oriented
methods can be used in modeling of the decision-making
aptitude framework we proposed. The first way is to identify patterns of distal antecedents and relate them to decision-making performance. Whereas a variable-oriented approach might examine the individual relationships between
each of the Big Five personality factors and individual decision-making behaviors, for example, a pattern-oriented approach might classify individuals into decision-maker profiles or classes based on their scores on all five factors and
relate them to decision-making criteria. This would allow
for critical insight into the relationship between a person’s
personality as a whole and decision-making performance.
A relevant example comes from leadership research, where
pattern-oriented approaches are occasionally used to study
leaders more holistically. In one study, Parr and colleagues
(2016) used LCA to uncover six classes of leaders based
on their scores on the Big Five. The authors then examined
the relationship between the classes and leadership performance. While they found some classes of leaders (e.g.,
“Power Players”) performed relatively high on all the performance dimensions, certain classes performed very high
on some dimensions and very low on others (e.g., “Conscientious, Backend Leaders,” who perform particularly well
in defining the strategy, but poorly in building partnerships).
Applied to decision making, scores on the Big Five could
be used to uncover classes of decision makers and relate the
classes to decision-making performance to understand how
different types of personality classes impact decision making.
The second approach involves uncovering profiles
or classes of construct constellations that represent decision-making aptitude, one’s readiness to learn and perform
well in decision-making tasks. Pattern-oriented approaches
would allow researchers to treat decision-making aptitude,
not as a unitary latent construct but rather a multidimensional, domain-specific construct that represents a collection
of interconnected skills or traits in executing a sequence of
processes required to reach a choice, judgment, or solution
(Corno et al., 2002; Reeve et al., 2015).
The third way LPA and LCA could be used within the
decision-making framework we have presented is by uncovering classes or profiles of decision-making behaviors. For
example, in a study examining domestic decision making
in Kenya, Musalia (2018) uncovered three classes of household decision makers: “egalitarian,” “independent,” and
“conservative.” These classes were formed based on the degree to which the decision-making behaviors were distributed in the households across partners. The authors then iden-
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tified several antecedent variables (e.g., education levels,
geographic locale, partner’s education level, occupation,
and wealth index) that predicted whether they belonged to
the egalitarian, independent, or conservative class. In other
words, they sought to examine the antecedents of each class
of decision makers. A different study uncovered profiles
based on the behaviors leaders used to lead. They found
that different leader behavior patterns differentially impacted perceived leader effectiveness, as determined by subordinate satisfaction and commitment (O’Shea et al., 2009).
This similar logic may be applied to the decision-making
space by uncovering profiles or classes of decision makers
based on a constellation of decision-making behaviors.
For example, someone who never seeks advice, frequently
devalues outcomes if they are delayed, and always makes
decisions quickly may classify into an “intuitive” decision
maker and someone who rarely seeks advice, frequently
devalues outcomes if they are delayed, and never makes
decisions quickly may classify as a “lax” decision maker.
The decision-maker profiles or classes may then be put into
a model to identify predictors and outcomes associated with
each profile or class, as did Gabriel et al. (2015) in a study
on emotional labor. Using LPA/LCA, the authors uncovered
subpopulations of employees with differing emotional labor
profiles (i.e., non-actors, low actors, surface actors, deep
actors, regulators) and identified affective factors predicting
profile membership, as well as job-related employee outcomes resulting from them.
Another advantage of LPA is that it statistically accounts for interactionism and context. Instead of modeling
the traditional two-way interactions of individual differences (e.g., Bakken et al., 2017), for instance, the logic of
pattern-oriented approaches lies in modeling the interactions of the individual differences that comprise the defined
construct constellation on a continuum. This more closely
resembles the natural patterning of decision-making aptitude and allows for the modeling of situations and contexts
with the whole individual. Modeling a series of trait by situation interactions can produce complicated and unrealistic
results from which practical implications may be difficult
to draw. For example, rather than intervening to develop
or train employees on a single decision-making dimension,
organizations are likely better served by developing tailored
learning and training opportunities that target decision-maker profiles.
Longitudinal extensions of LPA and LCA can help researchers better understand how decision-making aptitude
can change over time as a function of various situational
factors, as well as how different patterns of trajectories can
impact individual and organizational outcomes. Examples
of longitudinal pattern-oriented approaches include repeated measures latent profile/class analysis (RMLCA/RMLPA; Collins & Lanza, 2010), latent class growth analysis
(LCGA; Sterba & Bauer, 2010), growth mixture modeling
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(GMM; Wang & Bodner, 2007), and latent transition analysis (LTA; Collins & Lanza, 2010).
Complex systems and processes such as decision making involve multiple components simultaneously interacting
over time and can be explained by a finite set of organizing
patterns (Schneider & Somers, 2006; Uhl-Bien et al., 2007).
By studying patterns, or constellations, of constructs, we
can move one step closer to modeling and predicting effective decision making at a holistic level rather than at the
isolated test-at-a-time score level. It should be noted that although we advocate for the use of LPA and LCA to address
decision-making concerns, as with any other analytical
technique, it is not without its limitations. LPA and LCA
have been criticized for their challenges in the replication of
profiles due to sampling differences, low statistical power,
and the researchers’ interpretation of the number of classes.
Thus, it is even more important that researchers ground
the selection of the constellation of variables they select in
well-established decision-making theory.
Conclusion
There exist significant opportunities for organizational
sciences to contribute to JDM research and stimulate new
theory building in a variety of organizational domains, including career decisions, team decision making, strategic
planning, entrepreneurship, and leadership effectiveness. By
incorporating a holistic person-level measurement approach
with a better definition of the decision-making criterion
space, we propose that decision-making aptitude (as a constellation of constructs) may be useful as a pre-employment
predictor or as a means to assess decision-making readiness
and processes. Prioritizing research that examines holistic patterns of decision making and its underlying process
would place organizational science in an optimal position to
help organizations build and improve the decision-making
capacity of leaders and employees.
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