Received: 3 September 2021

Revised: 18 May 2022

Accepted: 18 May 2022

DOI: 10.1111/peps.12529

ORIGINAL ARTICLE

Investigating machine learning’s capacity to
enhance the prediction of career choices
Q. Chelsea Song1
Alexis Hanna4

Hyun Joo Shin2

Chen Tang3

Tara Behrend1

1

Department of Psychological Sciences,
Purdue University, West Lafayette, Indiana,
USA

Abstract
Vocational interest measurement has long played a signifi-
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interest inventories have substantial validity for predicting
career choices. However, traditional approaches to interest
inventory scoring (e.g., profile matching) typically capture
broad, or average relations between vocational interests
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and occupations in the population, yet may not be accurate in capturing the specific relations in a given sample.
Machine learning (ML) approaches provide a potential way
forward as they can effectively take into account complexities in the relation between interests and career choices.
Thus, this study aims to enhance the accuracy of interest
inventory-based career choice prediction through the application of ML. Using a large sample (N = 81,267) of employed
and unemployed participants, we compared the prediction
accuracy of a traditional interest profile method (profile
matching) to a new machine-learning augmented method
in predicting occupational membership (for employed participants) and vocational aspirations (for unemployed participants). Results suggest that, compared to the traditional
profile method, the machine-learning augmented method
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resulted in higher overall accuracy for predicting both types
of career choices. The machine-learning augmented method
was especially predictive of job categories with high base
rates, yet underpredicted job categories with low base rates.
These findings have practical implications for improving
the utility of interest inventories for organizational practice, contributing to areas such as employee development,
recruitment, job placement, and retention.
KEYWORDS

career choice, machine learning, profile matching, vocational
interests
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INTRODUCTION

Career choices determine many subsequent work and nonwork outcomes and thus represent some of the most crucial
decisions in a person’s life. As a result, career choice is a critical outcome to predict and understand (Dierdorff, 2019;
Hanna & Rounds, 2020; Hogan & Sherman, 2019). For organizations, career choice prediction has important implications for a host of human resource practices and personnel decisions, including employee development, recruitment,
selection, promotion, and retention. As an example, organizations that accurately predict employees’ career choices
can use that knowledge to inform promotion decisions and support employees’ career pathing within the organization, which are strategies that foster innovation (Malhotra et al., 2016) and employee retention (Benson & Rissing,
2020; Croteau & Wolk, 2010; Stroh, 1995). Similarly, organizations have an interest in understanding job seekers’ and
employees’ vocational aspirations because people who work in careers that match their interests tend to have high job
performance (Nye et al., 2012; Van Iddekinge et al., 2011), are more satisfied (Hoff et al., 2020), and are more likely to
stay in the organization (Nye et al., 2012; Van Iddekinge et al., 2011). Critically, vocational interests are the strongest
known predictors of career choices (Hanna & Rounds, 2020), and there have been calls for the use of interest inventories in selection batteries to predict occupational membership and job performance and to assist with job placement
(Ingerick & Rumsey, 2014; Kirkendall et al., 2020; Nye et al., 2012; Oswald et al., 2019; Su et al., 2019). Because of the
importance of career choices and their role in facilitating organizational practices, it is vital to predict them with the
highest accuracy possible. Yet despite the strong relation between interests and career choices, traditional methods
of interest inventory prediction leave much room for error.
Traditional methods of interest inventory prediction tend to capture broad, or average, relations between vocational
interest scores and career choices; they follow the theoretical expectations of how interests should generally guide
and motivate career choices in the population. However, these methods of prediction may not be accurate when predicting career choices for specific samples. Machine learning (ML) could suggest a way forward. Recent developments
suggest that ML models can improve the prediction accuracy of personality tests for a wide range of outcomes by
capturing complex and multidimensional relations (McCrae, 2015; Mõttus et al., 2017, 2019).
In this study, we propose an augmented method to predict career choices that incorporates the strengths of both
theory-based interest measurement and the data-driven, ML approach, which together can optimize the overall accuracy of career choice predictions. Specifically, we make three primary contributions. First, we develop and describe an
ML-augmented method to increase the accuracy of interest inventories in predicting career choices. Because interest
inventories are used for career guidance and development for millions of people, even a small increase in prediction
is important as it could influence career trajectories for substantial portions of the population. Thus, the proposed
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approach has important implications in improving the utility of interest inventories for research, education, and workplace applications—including career guidance, employee development, and job placement. Second, we compare the
predictive accuracy of traditional interest inventory scoring with ML-augmented scoring for predicting two different types of career choices: vocational aspirations and occupational membership. Finally, we provide Python code to
implement the ML-augmented method in practice, easing the immediate incorporation of these methods into use for
organizations, researchers, and career guidance professionals.

1.1

Vocational interests and career choice

Vocational interests are trait-like preferences for particular work activities and environments (Rounds & Su, 2014).
Interests have demonstrated importance for predicting outcomes such as job performance, income, turnover intentions, and career success (Nye et al., 2012; 2017; Rounds & Su, 2014; Stoll et al., 2017; Van Iddekinge et al., 2011).
Yet, interest measures are most directly tied to career choices, which represent the culmination of career-related
aspirations and decisions made across the lifespan (Ginzberg et al., 1951; Super, 1980). Vocational interest items are
designed to assess a person’s level of interest in engaging in different activities, such as building a birdhouse, doing an
experiment in a lab, or teaching someone a new skill. Because vocational interests are always contextualized towards
particular work-related activities (Rounds & Su, 2014), interest inventories play an integral role in vocational and
career guidance to help individuals identify occupations that match their interests (Hansen, 1984; Strong, 1943; Zickar
& Min, 2019).

1.1.1

Theories of vocational interests and interest congruence

Several theories describe vocational interests and their fundamental link to careers. First, there have been a number of
theoretical perspectives on the types and structure of vocational interests. Tracey and colleagues developed a spherical model of vocational interests emphasizing the importance of the ordered relationships among different interest
types (Tracey, 2002; Tracey & Rounds, 1996). Tracey’s model included eight interest markers based on the clustering of
responses to interest items. More recently, Su et al. (2019) also developed an eight-category interest structure called
the SETPOINT model, which can further be broken down into more specific, basic interest categories.
However, in terms of both interest structure and interest congruence, the most prominent and widely used vocational theory is Holland’s (1997) Theory of Vocational Personalities and Work Environments. Holland’s theory outlines
six types of vocational interests that can be applied to both people and environments: Realistic interests involve manual
labor and working with tools and objects; Investigative interests involve scientific activities, medicine, and technology;
Artistic interests involve creative activities such as performing, visual arts, and music; Social interests involve helping,
working with, and teaching others; Enterprising interests involve persuasion, leadership, and politics; finally, Conventional interests involve organization, attention to details, and data. These six interest types are often abbreviated as
RIASEC. Similar to Tracey’s (2002) model that specifies a structural ordering among interest categories, Holland’s
(1997) RIASEC model also contains a structural ordering of expected interrelations among the interest categories.
However, whereas Tracey’s (2002) model is a three-dimensional, spherical representation of interests, Holland specified a two-dimensional, hexagonal ordering in which interests that are closer to each other on the hexagon are more
similar, and interests opposite from each other on the hexagon are least similar (see Figure 1).
According to Holland’s theory, interests are motivational drivers that influence career choices. In other words, people choose careers that provide a good match to their own interests. This interest match, or interest congruence, then
results in positive outcomes, such as job satisfaction, performance, and retention. Holland’s (1997) theory has largely
driven career guidance and vocational practice, including playing an important role in the career exploration of millions
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FIGURE 1

Holland’s (1997) hexagonal ordering of the RIASEC interest types with example occupations

of people through the Department of Labor’s Occupational Information Network (O*NET; U.S. Department of Labor,
2018).
Other theories have also articulated the notion that interests are important aspects of people’s motivation to
pursue different career paths. For example, Gottfredson’s (1981; 2002) theory of circumscription, compromise, and
self-creation describes how interests are one of the earliest forces guiding the development of children’s career aspirations, which then continue to narrow and refine during adolescence and young adulthood. Throughout lifespan
career development, interests serve as a constant guide for navigating the realm of potential career options, taking
into account other factors such as perceived sex roles, abilities, and general compatibility of different careers with the
self.
Likewise, Schneider’s (1987) Attraction–Selection–Attrition (ASA) model explicitly includes vocational interests as
an important component of determining organizational behavior through initial attraction to a job, as well as potential
attrition from that job if interest fit is lacking. Specifically, similar types of individuals are attracted to jobs, selected
into organizations, and prefer to remain within the organization once selected. The similarity of these attributes influences organizational behavior, and interests play a role in initiating the ASA process by guiding people in the direction
of particular jobs. In this way, the link between interests and career choices is not only important for understanding
individual career development, but also for understanding broader organizational behavior and retention.
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1.1.2

Interest congruence in practice

Many interest inventories are based on Holland’s six RIASEC interests, including the Self-Directed Search (SDS; Holland et al., 1994), ACT Interest Inventory (ACT, 1995, 2009), and the Interest Profiler (Rounds et al., 2021). These
measures can be used to score people’s interest in each RIASEC area. In addition, occupational interests represent
the degree to which an occupation exemplifies each RIASEC type. The O*NET contains occupational interest profiles
(OIPs; Rounds et al., 1999, 2013) composing scores on all six RIASEC interests for over 900 occupations. Using these
OIPs, interest congruence is often assessed based on the degree to which a person’s RIASEC interests correspond to
the interests exemplified by their aspired or actual job. Specifically in practice, this correspondence may be determined
in a variety of ways; for instance, congruence may be determined via assessment of high-point matches between a
person’s highest interests and those of their aspired or actual job, the degree of match between the full person and job
interest profiles, or further exploration of job matches within RIASEC areas according to more specific, basic interests.
A recent meta-analysis found that the relation between vocational interests and career choices is one of the
strongest empirical relations that exists between psychological attributes and behavioral outcomes (Hanna & Rounds,
2020). This meta-analysis empirically summarized career choice “hit rates.” For a particular sample, the hit rate
denotes the proportion of correct career choice predictions made by the interest inventory. There are many ways
to examine career choice prediction depending on the interest inventory and type of scale. For example, a hit may be
counted if a person scores highest on their matched occupational scale for their career choice, or a hit may be counted
if a person scores above a designated cut score on their matched scale. The most common operationalization of a hit
rate was based on a RIASEC high-point match (k = 70, Hanna & Rounds, 2020), such that a hit was counted each time
a person’s highest interest area on the inventory matched the highest interest area of their career choice. Based on
these RIASEC high-point matches, interest inventories accurately predicted career choices about 45% of the time,
which is an especially substantial link given the number of potential career choices. In addition, aspired and actual
career choices are influenced by many factors (Super, 1980), so it is difficult for a single factor to account for a large
share of the prediction. In light of these considerations, the meta-analytic results provide evidence for the validity of
interest measures (Holland, 1997; Schneider, 1987).
Nonetheless, the credibility interval of the meta-analytic hit rate estimate was large ([17.4, 77.2]), suggesting that
the hit rate varied across different samples (Whitener, 1990). In other words, although the overall hit rate in the population was substantial, the hit rate was not consistently high in all samples. Thus, there is further room to improve
career choice prediction from interest measures. Increasing the prediction accuracy of specific samples would be
particularly important for organizations wishing to use interest measures for recruitment, job placement, or career
development with their job applicants and employees (Kirkendall et al., 2020; Nye et al., 2012; Oswald et al., 2019).

1.1.3

Common methods of matching interests to careers

One way to match interests to career choices using Holland’s (1997) RIASEC categories is based on whether the person’s highest interest, or high-point code, matches the interest most exemplified by their job. In other words, interest
congruence can be assessed via high-point code matches. For example, based on interest congruence theory, a person
whose highest interest is Social would exhibit a high-point match in an occupation that exemplifies Social interests,
such as nursing or teaching (Rounds et al., 2013). Within this conceptualization (based on a person’s highest-ranked
interest area), this match represents a form of interest congruence. On the other hand, that same person would not
have a high-point code match with occupations such as accounting (Conventional) or plumbing (Realistic). Because of
their simplicity and ease of use, high-point code matching has commonly been used to assess RIASEC interest congruence (Hanna & Rounds, 2020). However, this method has also been criticized for ignoring all other person- and job
interest scores (e.g., Phan & Rounds, 2018; Tracey, 2012).
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Another way to assess congruence is through profile matching. This method evaluates the degree of correspondence
between the full profiles of RIASEC scores for a person and job, by correlating the sets of scores (i.e., profile correlation), calculating the Euclidean distance between the profiles, or using other indices of fit (for detailed discussions of
fit indices, see Camp & Chartrand, 1992; Edwards, 1991). For instance, Euclidean distance assesses congruence by
calculating the distance between a person’s interest profile and their occupation’s interest profile when the profiles
are plotted on a plane overlaying Holland’s hexagon (Tracey & Robbins, 2006; Xu & Li, 2020). In this way, less distance
between the profiles indicates greater correspondence, and thus greater congruence. Compared to the use of a single score, a full profile of scores uses all available data to make the most accurate predictions from a person’s interests.
These profiles of scores also exhibit greater reliability than the use of high-point scores alone (Low et al., 2005; Tinsley,
2000).
Interest congruence, and specifically profile matching, has commonly been used to guide career choices in practice.
For example, the O*NET Interest Profiler (Rounds et al., 2021) is a freely available interest inventory based on Holland’s (1997) RIASEC theory. Individuals who take the Interest Profiler receive a score in each RIASEC domain based
on their likes and dislikes, and each individual is asked to choose a job zone, or desired level of preparation required for
their career. Using the full profile of participant scores, O*NET reports a list of “best fitting” career choices.
In sum, although there are several ways to use RIASEC interest inventories to predict career choices, it is most
reliable and desirable to use the whole profile of scores. Despite the benefits of profile matching, however, there are
documented methodological issues with relying on fit indices for career choice prediction. For instance, fit indices like
profile correlations or difference scores collapse person and environment profiles into a single metric, which loses
the unique contribution from each profile and does not take into account the magnitude of the scores when making
predictions (for a full discussion, see Edwards, 1993). Thus, this work aims to incorporate all RIASEC interest scores in
the prediction of career choices while simultaneously addressing limitations of traditional profile-matching methods
(as we discuss below).

1.2

Using machine learning to improve career choice prediction

Traditional approaches to interest inventory scoring (e.g., high-point codes, profile matching) follow Holland’s (1997)
theoretical assumptions and capture broad, or average relations between vocational interests and career choices in
the population. However, due to their broad scope, these traditional approaches might not be accurate when predicting career choices for specific samples. A ML approach could contribute to improving the prediction accuracy by (1)
incorporating both broad and specific levels of interest measurement and (2) potentially capturing the unique relation
of interests and occupations in a specific sample.
First, compared to traditional approaches that are generally limited to incorporating interest scale scores, ML
approaches can incorporate both broad and specific levels of measurement, allowing them to model complex and
multidimensional relations. Recent studies on vocational interests suggest that specific interest scales, such as basic
interest scales, tend to display higher hit rates than broad, RIASEC-based scales (Hanna & Rounds, 2020)1 . Compared
to RIASEC-based scales, specific interest scales capture more detailed nuances of individuals’ interests, thus providing a better bandwidth-fidelity match to predicting specific career choices (Day & Rounds, 1997; Ralston et al., 2004;
Su et al., 2019). For instance, Holland’s Artistic interest area may contain basic interests such as Visual Arts, Applied
Arts and Design, Performing Arts, Music, Writing, Media, and Culinary Art (Su et al., 2019). Nonetheless, there are
advantages to using both broad and specific measures: broad interest measures provide an organizing, theoretical
framework to guide research and validity evidence, whereas specific measures better capture the complex, multidimensional reality of interests, and provide stronger predictive power (Hanna & Rounds, 2020; Liao et al., 2008; Su
et al., 2019; Van Iddekinge et al., 2011). Thus, rather than doing away with broader RIASEC scales in favor of more specific interest scales or items, we suggest combining both broad and specific interest measurements to improve career
choice prediction.
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Recent developments in ML provide a potential way forward: ML models can take into account complex relations
and nuances at narrower levels of measurement; it is also capable of handling high-dimensional data in which the number of features is large relative to the sample size, enabling the integration of multiple interest items and scales (see
Oswald et al., 2020; Putka et al., 2018; Song et al., 2020; Woo et al., 2020). Recent studies found that ML can effectively
capture the unique and valid variances in personality items, contributing to improved prediction of job performance
(McCrae, 2015; Putka et al., 2018). In other words, ML models are able to handle different types of data more easily than traditional prediction methods, allowing them to capitalize on the advantages of broad and specific interest
measures.
Second, while the traditional approaches provide theoretical expectations on how interests should guide career
choices, the ML approach improves prediction by taking into account relations specific to a given sample. For example, traditional methods based on Holland’s (1997) theory would predict that individuals who are most interested in
Artistic activities and environments should choose Artistic occupations. However, in reality, there are not nearly as
many Artistic occupations as there are occupations in Enterprising and Conventional areas (DeCeanne et al., 2017),
so it is possible that many people with high Artistic interests actually choose Enterprising careers. By using empirical
samples to train the ML models, ML models can capture how interests are actually related to career choices in a given
sample, beyond what theory would predict. In other words, compared to traditional scoring methods, ML models are
more data-driven and do not rely on a priori rules to combine information (e.g., through certain difference indices or
correlations), allowing for a more flexible examination of the underlying relation between interests and career choices
in the data and enhanced prediction of career choices in the real world (e.g., Jiang et al., 2020).
In this study, we proposed an ML-augmented method that aims to combine the advantages of both traditional
profile methods and ML to improve career choice prediction. Using a large sample, we then evaluated the prediction accuracy of the ML-augmented method compared to the traditional, profile method. By doing so, we aim to
diagnostically explore the utility of ML in vocational interest-based career choice prediction.
To compare the accuracy of predictions from the traditional profile method versus the ML-augmented method, we
examined two kinds of career choices: vocational aspirations and occupational membership (Hanna & Rounds, 2020).
Vocational aspirations represent ideal career choices, which reflect a motivational component in people’s lifespan
career development. On the other hand, occupational membership represents actual career choices, which reflect a
behavioral component of choosing to work in a particular job or career. Together, vocational aspirations and occupational membership represent different manifestations within a full range of career choice operationalization (Hanna &
Rounds, 2020). Thus, our hypotheses are as follows:
Hypothesis 1: The ML-augmented method using both scale- and item-level vocational interest scores will attain
better prediction accuracy in occupational membership (among employed individuals) than the
profile method using only scale-level vocational interest scores.
Hypothesis 2: The ML-augmented method using both scale- and item-level vocational interest scores will attain
better prediction accuracy in vocational aspirations (among unemployed individuals) than the
profile method using only scale-level vocational interest scores.

2

METHOD

All analysis code and corresponding results for this project are available from the project page on the Open Science
Framework (https://osf.io/27rbh/).
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TA B L E 1

Example of the occupational RIASEC scores and high-point code identification

Occupation

Realistic

Investigative

Artistic

Social

Enterprising

Conventional

High-point code

Example A

3.5

3.0

3.5

4.3

3.0

3.5

S

Example B

5.5

5.0

6.5

6.2

5.2

6.5

A, C

Example C

3.0

4.0

3.0

4.0

4.0

3.8

I, S, E

Note. High-point code was identified as the RIASEC domain with the highest score. For instance, in Example A, the Social
interest score of 4.3 is highest among the six RIASEC domains, and thus the high-point code is S (Social). When multiple
RIASEC domains were tied for the highest score (e.g., Examples B and C), there were more than one high-point codes. For
instance, Example B has two high-point codes: A (Artistic) and C (Conventional); and Example C has three high-point codes: I
(Investigative), S (Social), and E (Enterprising).

2.1

Sample

Our initial sample included N = 84,349 participants who responded to a TIME Magazine online survey2 in
2016 (Glosenberg et al., 2021). After data cleaning (e.g., removing observations that failed attention checks
and observations that reported unrealistic age values [age value > 99]), the final sample size was N = 81,267.
Among the participants, 75% were employed and 62% were female. The average age was M = 38 years (SD =
13.46).

2.2
2.2.1

Measures
Vocational interests

Vocational interests were measured using 16-items from the Personal Globe Inventory (PGI) Mini (see Tracey, 2019;
a shortened measure based on the original PGI and the PGI-Short; Tracey, 2002, 2010). Participants were asked
to respond on a 7-point Likert scale (1 = Strongly dislike; 4 = Neutral; 7 = Strongly like) to indicate their preference
towards each activity. Example activities are “Seat patrons at a restaurant,” “Install electrical wiring,” and “Help children with learning problems.”3 Missing data were imputed using k-nearest neighbor imputation (Batista & Monard,
2003).

2.2.2

Occupational high-point code

Employed participants reported their occupational membership (current occupation) by responding to the instruction,
“Please enter your profession.” Unemployed participants reported their vocational aspirations by responding to the
question, “What is your dream job?” In both cases, the participants chose their occupational membership or vocational
aspiration from an interactive drop-down menu of O*NET job titles. For each job, we obtained occupational RIASEC
scores and high-point code using the O*NET occupational interest database4 (see Table 1 for examples). The O*NET
database contains scores for each occupation on all six RIASEC domains corresponding to how representative the
occupation is for each interest (Rounds et al., 1999, 2013). The RIASEC domain with the highest score represents the
occupation’s high-point code. For instance, the high-point code of “electrician” is “Realistic,” and thus “electrician” is
classified as a Realistic occupation.
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2.3

Procedure and analytical strategy

Both the profile method and the ML-augmented method described below aim to predict the RIASEC scores of an
occupation that best fits a participant’s measured interests.

2.3.1

Profile method

The profile method prediction is provided by O*NET and based on participants’ six RIASEC scale scores (obtained
from the interest inventory): O*NET uses profile correlations to find occupational choices that best match an individual’s RIASEC interest profile (Rounds et al., 2021). Specifically, O*NET calculated the correlation between participants’
RIASEC scores and the RIASEC interest scores of all occupations in the database. For each participant, O*NET recommended top five jobs that had the highest profile correlations; these occupations’ RIASEC profiles yielded the closest
match with the participant’s interest profile. We treated the high-point code of the first O*NET-recommended job as
the prediction made from the profile method because the first recommendation represents the occupation that provided the closest profile match to each participant’s interest scores (based on the highest rank-order correspondence
between participants’ and occupations’ interest profiles).

2.3.2

ML-augmented method

The ML-augmented method of career choice prediction introduced in this paper uses the participants’ interest item
scores and scale scores to predict the interest scores of their career choice (occupational membership or vocational
aspiration). First, the ML models “learn” the associations between the participants’ interest scores and the interest
scores of their career choices using a training sample. Then, the trained models are applied to a new sample to predict
occupational interest scores. By training on a specific sample, the ML-augmented method should be able to better
capture specific relations within the sample, and thus provide predictions with improved accuracy. The ML-augmented
method is described in more detail below.
The ML-augmented method uses the participants’ scores on the 16 PGI-Mini items and their six RIASEC scale
scores to predict the six occupational RIASEC scores. Specifically, we implemented four different ML models, where
each model was based on a different ML algorithm: neural network, k-nearest neighbors, elastic net, and random forest
(see Appendix A for brief descriptions of the algorithms). These four models were separately trained with hyperparameter tuning (via random grid search and 10-fold cross-validation) to predict occupational RIASEC scores. Predictions
from the four models were further ensembled with score averaging5 to obtain the overall ML-augmented method prediction. Model training was conducted using Scikit-learn (Version 0.24.1, Pedregosa et al., 2011) and Python (Version
3.9.0). To mimic a typical organizational scenario, each ML model was trained and tested with a random sample of
size 300 (see Bosco et al., 2015; Shen et al., 2011). We repeated this procedure 100 times and estimated the average
prediction accuracy of the ML-augmented method (as well as the individual ML models).

2.3.3

Evaluation: prediction accuracy

The prediction accuracy of the profile method and the ML-augmented method were evaluated in three ways: (a) highpoint hit rates: using overall hit rates and differential hit rates, (b) Euclidean distance, and (c) profile correlations. The
high-point hit rate focuses on the highest RIASEC code (i.e., high-point code); it is commonly used in career guidance
(e.g., Hansen, 2019) and provides a benchmark against existing meta-analyses (e.g., Hanna & Rounds, 2020). Euclidean
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TA B L E 2

Example interest profile scenarios and corresponding evaluation metrics
Most relevant evaluation
metric

Scenario

Example

1. A person is similarly interested in
many RIASEC domains

Similarly high interest scores in Investigative, Artistic,
Social, and Enterprising

2. There is a tie for the highest
RIASEC domains

Highest interest scores in Artistic and Social while
– Euclidean distance
scores of the other RIASEC domains are much lower – High-point hit rate

3. A person has strongly
differentiated RIASEC interest
profile

High interest scores in Realistic, moderate interest
scores in Investigative, Artistic, and Conventional,
and low interest scores in Social and Enterprising

– Profile correlation
– High-point hit rate

4. A person has strong dislikes

Very low interest scores in Realistic

– Profile correlation

5. A person has low interests across
the board

Low interest scores in Realistic, Investigative, Artistic,
Social, Enterprising, Conventional interests

– Profile correlation
– High-point hit rate

– Euclidean distance

Note. Scenario 1: A person is similarly interested in many RIASEC domains. In this scenario, predicting jobs that all have a high
magnitude of scores (Euclidean distance) in those domains will be most relevant, as opposed to rank-order that would distinguish between the relevance of these areas unnecessarily. Scenario 2: There is a tie for the highest RIASEC domains. This
scenario is akin to Scenario 1 where the person is similarly interested in multiple RIASEC domains. In this scenario, the magnitude of scores (Euclidean distance) in the top RIASEC domains will be relevant for considering jobs that have high occupational
interests in each of the tied areas. In addition, high-point hit rates will also be helpful because a high-point match is attained
for jobs that match one of the tied areas (e.g., jobs that have either a highest score in Artistic or highest score in Social would
be considered a match). Scenario 3: A person has a strongly differentiated RIASEC interest profile. In this scenario, there is a
clear rank-ordering among the RIASEC domains and a clear high-point interest, and thus profile correlation and high-point hit
rates are most relevant. Scenario 4: A person has strong dislikes. In this scenario, it is important to identify occupations that
de-emphasize their lowest interest areas, and thus profile correlations reflecting this rank-order are most relevant. Scenario
5: A person has low interests across the board. In this scenario, the person has “low interests” compared to others, yet there
is still a relative (i.e., within-person) difference across RIASEC domains. Thus, when making a career choice, the within-person
rank-order (profile correlation) and high-point (high-point hit rate) are more relevant than the absolute magnitude of scores
(Euclidean distance). For example, even if the person’s interest scores are low, if Conventional is still their highest rank-order,
then a Conventional job may be the best choice.

distance and profile correlation utilize all six RIASEC scores to provide a profile-based comparison of predicted and
reported career choices.
High-point hit rate describes the match between the high-point code of a person’s career choice (occupational membership or vocational aspiration) and the predicted career choice (based on the profile method or the ML-augmented
method). Euclidean distance describes the absolute distance between the RIASEC profile of a person’s career choice and
the predicted career choice. Profile correlation describes the match between the rank-ordering of the RIASEC profile of a
person’s career choice and the predicted career choice. These three metrics provide unique and complementary information that contributes to career choice prediction. Table 2 presents several scenarios that may occur in practice and
highlights the most relevant evaluation metric to use in each case. Together, high-point hit rates, Euclidean distance,
and profile correlations provide a comprehensive comparison of the accuracy of different prediction methods.
High-point hit rate. A “hit” signifies the match between an individual’s career choice (occupational membership or
vocational aspiration) and predicted occupational choice (based on the profile method or the ML-augmented method).
In the profile method, we counted a hit when the O*NET-suggested occupation’s high-point code was the same as the
high-point code of the participant’s occupational membership or vocational aspiration (see Table 3 for examples). In
the ML-augmented method, each of the four ML models separately provided predictions of six occupational RIASEC
scores. These scores were then aggregated across the four models using score averaging to obtain the final MLaugmented high-point code (see Table 4 for examples). When the ML-augmented occupational high-point code was
the same as the high-point code of the participant’s occupational membership or vocational aspiration, we counted it
as a hit. If there was a tie in the occupational high-point code predictions (e.g., Example 3 in Table 4), it was counted as
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Example of the profile method hit operationalization
High-point code
O*NET suggested

O*NET suggested occupation

occupation

Self-reported
occupation

Hit

Electrician

R

E

No hit

Preschool teacher

S

S

Hit

a “hit” if at least one of the high-point code ties was the same as the high-point code of the occupational membership
or vocational aspiration.
The high-point hit rate is calculated as the sum of hits divided by the total number of individuals in the sample.
We calculated separate hit rates for the outcomes of “occupational membership” (of the employed participants) and
“vocational aspirations” (of the unemployed participants) and presented the average of overall hit rates across 100 test
sets. In addition to the overall hit rate across the full sample, we also calculated hit rates for each RIASEC occupational
category. The hit rate for each RIASEC category was calculated as the number of hits (e.g., correct predictions made
by the profile method or the ML-augmented method) divided by the total number of participants whose reported job’s
high-point code is in that RIASEC category (see Hanna & Rounds, 2020). A higher high-point hit rate suggests a better
prediction accuracy.
Differential hit rate. The differential hit rate is the difference between the high-point hit rate and the base rate in
each RIASEC occupational category. In this context, base rates describe the distribution of career choices. The base
rate of each RIASEC category is calculated as the number of participants whose occupational high-point code is within
that category divided by the total number of participants in the sample (Dawis, 1996; Meehl & Rosen, 1955; Schmidt,
1974). For example, the base rate for Investigative occupational membership is the number of participants with Investigative jobs divided by the total number of participants in that sample. The differential hit rate is used to examine
whether the predictions made by the profile method and the ML-augmented method are more accurate than random
chance, or not using interest inventories at all (Bokhari & Hubert, 2015; Meehl & Rosen, 1955). To enable a direct comparison between the profile method and the ML-augmented method, we estimated the hit rates of the profile method
and the ML-augmented method on the same samples.
Euclidean distance. In addition to hit rates based on high-point codes, prediction accuracy was also evaluated using
Euclidean distance, which utilizes the full profiles of RIASEC interest scores (i.e., six RIASEC interest scores corresponding to the occupation). Both the profile method and the ML-augmented method predict the full RIASEC profile of
individuals’ career choices. Euclidean distance is calculated between each participant’s predicted RIASEC occupational
interest scores (from either the profile method or the ML-augmented method) and reported RIASEC occupational
interest scores (using the scores from either their occupational membership or their vocational aspiration). A lower
Euclidean distance suggests a better prediction accuracy.
We note that, in this study, we use Euclidean distance to evaluate the degree of correspondence between the interest profiles of the predicted and reported career choices. This is different from using Euclidean distance to predict
career choices, which we described earlier. In other words, the present work uses Euclidean distance as a means of
evaluation, rather than a means of prediction.
Profile correlation. Profile correlation evaluates prediction accuracy based on the rank-order of the predicted and
reported interest profiles. When evaluating both the profile method and the ML-augmented method, for each participant, the six predicted RIASEC occupational scores were correlated with the six reported RIASEC occupational scores.
A higher correlation indicates a better prediction accuracy. As described previously, profile correlations can be used as
a metric of congruence for person and job interest profiles. Here, we use profile correlations to evaluate the accuracy
of the profile method versus the ML-augmented method for predicting career choices.
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Example of the ML-augmented method hit operationalization

Neural
network

Example
1

2

3

4

k-NN

Elastic
net

Self-reported
occupation’s
high-point code

Hit

Random forest

Average

ML-predicted
high-point code
R

R

Hit

C

R

No hit

I and E

E

Hit

E and C

A

No hit

R

4.21

4.16

5.06

4.59

4.50

I

2.89

3.01

1.88

2.28

2.51

A

3.76

3.15

3.06

3.36

3.33

S

1.95

2.73

3.28

4.39

3.09

E

5.05

4.46

4.53

3.73

4.44

C

3.41

3.83

3.93

4.26

3.86

R

2.75

2.77

2.05

2.65

2.56

I

3.46

3.38

3.00

3.25

3.27

A

2.34

2.82

3.27

3.38

2.95

S

3.79

3.79

4.53

4.12

4.06

E

4.86

4.51

4.23

4.04

4.41

C

4.44

4.49

4.69

4.32

4.48

R

3.21

3.30

1.89

2.73

2.78

I

4.23

4.36

4.78

4.33

4.42

A

3.68

3.32

2.98

3.37

3.34

S

2.16

2.59

3.87

3.40

3.00

E

4.75

4.57

3.84

4.51

4.42

C

3.42

3.40

4.62

4.24

3.92

R

2.36

2.87

3.21

3.68

3.03

I

3.44

3.62

3.97

4.14

3.79

A

2.89

2.97

2.30

2.40

2.64

S

3.59

3.30

3.19

3.45

3.38

E

4.41

4.30

4.95

4.46

4.53

C

4.84

4.40

4.53

4.34

4.53

Note. This table provides four examples demonstrating how “hit” is operationalized for the ML-augmented predictions. In each
example, the ML-augmented method first uses individual ML models to predict the job’s RIASEC scores, and then average
these predictions to obtain the ensembled ML-augmented method prediction. For instance, in Example 1, neural network, kNN, elastic net, random forest each predicted the job’s Realistic score to be 4.21, 4.16, 5.06, 4.59; the ensembled prediction
is the average of the four scores, 4.50. The high-point code is the RIASEC domain with the highest ensembled prediction. For
instance, in Example 1, Realistic interest’s ensembled score is the highest among the six RIASEC domains, and thus Example
1’s high-point code is Realistic. When multiple RIASEC domains are tied for the highest score, there will be multiple high-point
codes. For instance, Example 3 has two highest scoring dimensions: Investigative and Enterprising, both with 4.42, and thus
its high-point codes are Investigative and Enterprising. To determine “hit,” the ML-predicted high-point code(s) is compared
with the self-reported occupation’s high-point code. When there are multiple high-point codes, a “hit” is determined if the
self-reported occupation’s high-point code matches at least one ML-predicted high-point code.

3

RESULTS

Hypotheses 1 and 2 compare the prediction accuracy (high-point hit rate, Euclidean distance, profile correlation)
between the ML-augmented method and the profile method in predicting occupational membership (Hypothesis 1)
and vocational aspirations (Hypothesis 2). The results of the prediction accuracy (high-point hit rate, Euclidean dis-
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Overall hit rate, Euclidean distance, and profile correlation results
Occupational membership

Vocational aspiration

Hit rate

Euclidean
distance

Profile corr.

Hit rate

Euclidean
distance

Profile corr.

Profile method

.28

5.18

.23

.34

4.97

.28

ML-augmented
method (average
across 4 algorithms)

.34

4.07

.44

.36

4.25

.36

Neural network

.33

4.13

.42

.36

4.28

.35

k-NN

.33

4.11

.43

.35

4.31

.33

Elastic net

.34

4.08

.44

.36

4.26

.36

Random forest

.33

4.08

.44

.36

4.26

.35

Note. Hit rate = high-point hit rate; Euclidean distance = Euclidean distance; Profile corr. = profile correlation. Higher highpoint hit rate, lower Euclidean distance, and higher profile correlation suggest better prediction accuracy. In the first two rows
(“Profile method” and “ML-augmented method”), the bolded values denote the better prediction accuracy results between the
profile method and the ML-augmented method under each evaluation method (high-point hit rate, Euclidean distance, or profile correlation). “ML-augmented method” shows the results for the ensemble-averaged ML-augmented method predictions,
and the individual ML-augmented model results are shown in “Neural network,” “k-NN,” “Elastic net,” and “Random forest.”
For the ML-augmented method, in addition to simple ensemble averaging, we also evaluated the high-point hit rate of the MLaugmented method when majority vote was used to ensemble the individual ML models (Dietterich, 2000; Zhou, 2012). The
high-point hit rate result of majority vote was highly similar to the result with simple ensemble average.

tance, and profile correlation) are shown in Tables 5 through 8. The results suggest that, in general (across high-point
hit rate, Euclidean distance, profile correlation, and across the full sample), the ML-augmented method yielded better prediction accuracy than the traditional profile method (Table 5). This improvement in prediction accuracy for
the ML-augmented method was especially substantial when predicting occupational membership than vocational
aspiration.
However, when examining each RIASEC occupational category, the ML-augmented method tended to have better prediction accuracy in predicting RIASEC occupational categories with high base rate (e.g., Enterprising) while
the profile method tended to have better prediction accuracy for RIASEC occupational categories with low base rate
(e.g., Artistic). This pattern was observed when the prediction accuracy was assessed using high-point hit rate (Table 6)
and profile correlation (Table 8) but not Euclidean distance (Table 7). The Euclidean distance results suggested that the
ML-augmented method yielded prediction accuracy similar to, or higher than, the traditional profile method.

3.1

High-point hit rates

As shown in Table 5, for both occupational membership and vocational aspirations, the ML-augmented method yielded
higher high-point hit rates than the profile method. The overall hit rates for the ML-augmented method are .34 (vs. .28
for profile method) when predicting occupational membership, and .36 (vs. .34 for profile method) when predicting
vocational aspirations. The overall hit rate results supported both Hypotheses 1 and 2.
High-point hit rate by RIASEC occupational category. Compared to the overall hit rates, the results for each RIASEC
occupational interest category were more nuanced. Table 6 displays the comparison between base rates and hit rates
in each RIASEC category. For each RIASEC occupational category, the profile method and the ML-augmented method
differed in the accuracy of their career choice prediction. Although the ML-augmented method performed better than
the profile method overall (see Table 5), it did not perform better than the profile method in all RIASEC occupational
categories (see Table 6).
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High-point hit rate by RIASEC occupational category

Occupational membership

Vocational aspiration

Hit rate

R

Differential hit rate

Hit rate

Differential hit rate

Base
rate

Profile
method

ML-augmented
method

Profile
method

ML-augmented
method

Base
rate

Profile
method

ML-augmented
method

Profile
method

ML-augmented
method

.07

.18

.00

.11

−.07

.08

.18

.04

.10

−.04

I

.17

.26

.04

.09

−.13

.21

.30

.24

.09

.03

A

.06

.45

.00

.39

−.06

.23

.42

.35

.19

.12

S

.16

.20

.05

.04

−.11

.12

.23

.04

.11

−.08

E

.35

.38

.79

.03

.44

.29

.42

.77

.13

.48

C

.19

.13

.23

−.06

.04

.07

.20

.03

.13

−.04

Note. Higher high-point hit rate suggests a better prediction accuracy. The differential hit rate is the difference between the hit
rate and the base rate in each RIASEC category. For each RIASEC occupational category (i.e., each row), bolded values denote
the higher differential hit rate between the profile method and the ML-augmented method.

TA B L E 7

Euclidean distance by RIASEC occupational category
Occupational membership

Vocational aspiration

Profile method

ML-augmented method

Profile method

ML-augmented method

R

5.79

5.13

5.80

5.12

I

5.07

4.63

5.00

4.56

A

4.52

4.96

4.76

4.01

S

5.29

4.65

5.06

4.52

E

5.00

3.43

4.81

3.83

C

5.49

3.63

5.08

4.36

Note. Lower Euclidean distance suggests a better prediction accuracy. For each RIASEC occupational category (i.e., each row),
bolded values denote the lower Euclidean distance between the profile method and the ML-augmented method.

For the occupational membership, compared to the profile method, the ML-augmented method poorly predicted
the RIASEC occupational categories with low base rate (Realistic, Investigative, Artistic, and Social), resulting in hit
rates lower than the corresponding base rate (ML-augmented method Realistic differential hit rate = −.07; Investigative differential hit rate = −.13; Artistic differential hit rate = −.06; Social differential hit rate = −.11). On the other
hand, the ML-augmented method outperformed the profile method in predicting the RIASEC occupational categories
with high base rate (Enterprising and Conventional): the ML-augmented method’s Enterprising hit rate was .79, about
double the hit rate of the profile method (.38); the ML-augmented Conventional hit rate was .23, also about double the
hit rate of the profile method (.13).
For vocational aspirations, similar to the occupational membership results, the ML-augmented method did not perform better than the profile method in all RIASEC categories, even though the ML-augmented method’s overall hit
rate was higher than that of the profile method. Specifically, the ML-augmented method only yielded higher hit rates
for Enterprising vocational aspirations, yet the profile method hit rates for Realistic, Investigative, Artistic, Social, and
Conventional vocational aspirations were higher than the ML-augmented method hit rate.
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Profile correlation by RIASEC occupational category
Occupational membership

Vocational aspiration

Profile method

ML-augmented
method

Profile method

ML-augmented
method

R

.04

.02

.02

−.11

I

.24

.20

.24

.17

A

.34

−.14

.31

.47

S

.16

.11

.23

.12

E

.32

.75

.38

.63

C

.18

.72

.28

.39

Note. Higher profile correlation suggests a better prediction accuracy. For each RIASEC occupational category (i.e., each row),
bolded values denote the higher profile correlation between the profile method and the ML-augmented method.

3.2

Euclidean distance

As shown in Table 5, for both occupational membership and vocational aspirations, the ML-augmented method prediction yielded lower Euclidean distance (and thus better prediction accuracy) than the profile method. The overall
Euclidean distance for the ML-augmented method was 4.07 (vs. 5.18 for profile method) when predicting occupational membership, and 4.25 (vs. 4.97 for profile method) when predicting vocational aspirations. The overall Euclidean
distance results supported both Hypotheses 1 and 2.
Euclidean distance by RIASEC occupational category. Similar to the overall Euclidean distance, the ML-augmented
results for each RIASEC occupational interest category were consistently better than the profile methods, except
for Artistic occupational membership (see Table 7). For occupational membership, the ML-augmented method performed better than the profile method in most RIASEC categories, except for Artistic (profile method Euclidean
distance = 4.52, ML-augmented method Euclidean distance = 4.96). For vocational aspiration, all of the Euclidean distances for the ML-augmented method were lower than that of the profile method, suggesting that the ML-augmented
method was more accurate in predicting vocational aspirations than the profile method.

3.3

Profile correlation

As shown in Table 5, for both occupational membership and vocational aspirations, the ML-augmented method prediction yielded higher profile correlation than the profile method. The overall profile correlation for the ML-augmented
method was .44 (vs. .23 for profile method) when predicting occupational membership, and .36 (vs. .28 for profile
method) when predicting vocational aspirations. The overall profile correlation results supported both Hypotheses
1 and 2.
Profile correlation by RIASEC occupational category. Compared to the overall profile correlation, the results for
each RIASEC occupational interest category were more nuanced (see Table 8). For occupational membership, the
ML-augmented method poorly predicted Realistic, Investigative, Artistic, and Social occupational memberships (MLaugmented method profile correlation for Realistic = .02; Investigative = .20; Artistic = −.14; Social = .11). On the
other hand, the ML-augmented method outperformed the profile method in predicting Enterprising and Conventional occupational membership: the ML-augmented Enterprising profile correlation was .75, more than double the
profile correlation of the profile method (.32); the ML-augmented Conventional profile correlation was .72, about
four-times the profile correlation of the profile method (.18). For vocational aspiration, the ML-augmented method
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yielded higher profile correlations for Artistic, Enterprising, and Conventional, but not for Realistic, Investigative, and
Social occupational categories.

4

DISCUSSION

Career choices are critical for individuals, organizations, and society as they represent the initial and ongoing decisions
contributing to a host of work and life outcomes. For instance, since attraction to a job is the initial piece of the ASA
process in an organization, the relation between interests and career choices is important for downstream outcomes
including job performance and turnover (Schneider, 1987). This study advances research and practice on vocational
interests and career choices by investigating ML’s capacity to enhance the prediction of career choices.
Specifically, the current work makes three primary contributions. First, we proposed a new ML-augmented method
of career choice prediction that can be implemented with any existing interest inventory. Second, we compared the
accuracy of a more traditional interest profile-based method of career choice prediction utilized by O*NET to the
new ML-augmented method that uses both broad and specific interest scores. Overall, the results showed that the
ML-augmented method yielded higher high-point hit rates, lower Euclidean distances, and higher profile correlations
than the traditional profile method in predicting both occupational membership and vocational aspirations. This MLaugmented method thus provides a significant contribution to a long history of research and practice linking interests
and career choices (e.g., Hanna & Rounds, 2020; Hansen, 1984; Su, 2020; Zickar & Min, 2019). However, compared to
the traditional profile method, the ML-augmented method was more sensitive to base rate, suggesting the need for
future research to improve career choice prediction for occupations with low employment rates (which we will discuss below). Finally, we provide the Python code (see link at the beginning of the Method section) with instructions for
implementation to allow immediate incorporation of this method into future research and practice.
The present findings revealed several notable patterns. To evaluate the accuracy and usefulness of the new MLaugmented method, it was important to not only examine its prediction accuracy on its own, but also to compare
it to the most conventional methods that use interest inventories to predict career choices. Millions of people visit
the O*NET for career exploration each year (U.S. Department of Labor, 2018), and O*NET uses profile matching to
recommend well-fitting careers based on individual’s vocational interests. The biggest overarching takeaway from
our results comparing O*NET’s predictions and predictions from the ML-augmented method is that overall, the
ML-augmented method resulted in higher prediction accuracy for both occupational membership and vocational
aspirations. In other words, this method makes career choice recommendations that match people’s occupational
membership and vocational aspirations more often than O*NET’s recommendations do, implying that ML-augmented
methods have the potential to provide better career guidance and more accurate prediction.
However, there were notable cases in which the ML-augmented method underperformed relative to O*NET’s profile method. Beyond the overall prediction accuracy, we also examined the accuracies within each RIASEC occupational
category to evaluate the profile method and ML-augmented method performed across different types of occupations. Here, results were less clearly aligned in favor of one method or the other. For some RIASEC categories, the
ML-augmented method performed better; for others, the profile-based method from O*NET performed better.
In particular, an interesting pattern emerged: predictions from the ML-augmented method far exceeded the accuracy of the profile method in RIASEC categories with high base rates, whereas the ML-augmented method was less
accurate for areas with low base rates (with the exception of the Euclidean distance evaluation metric). Based on the
relevance of each prediction accuracy metric (high-point hit rate, Euclidean distance, profile correlation) in different
career choice prediction scenarios (see Table 2), the pattern described above suggests the following recommendations in regard to using profile method and the ML-augmented method in practice. When a person is similarly
interested in many RIASEC domains (Scenario 1 in Table 2), the ML-augmented method is more recommended than
the profile method. This is because Euclidean distance is the most relevant evaluation metric in this scenario and the
ML-augmented method resulted in low Euclidean distance (and thus better prediction accuracy) across most RIASEC
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occupational categories. In all other scenarios, we recommend using profile correlation when the base rate of the
predicted RIASEC category is low and ML-augmented method when the base rate is high.
The findings suggested that the ML-augmented method was fairly sensitive to base rates, whereas the traditional
profile method was not. The reason for this sensitivity is that the ML models are trained to recognize the most and
least common types of jobs. This training allowed the models to make more accurate predictions for the majority of the
sample, which is why the overall prediction accuracy was higher than that of the untrained profile method. However,
some accuracy was lost for members of the sample who work in, or aspire to, jobs in “less popular” RIASEC categories.
For example, the largest majority of the sample worked in Enterprising jobs (base rate = 35%). If we did not use an
interest inventory and simply guessed that every member of the sample worked in an Enterprising job, we would be
correct 35% of the time (i.e., we would attain a hit rate of 35% by chance alone). The profile method used by O*NET
correctly predicted Enterprising career choices 38% of the time, which did not do much better than the base rate; on
the other hand, the ML-augmented method correctly predicted Enterprising career choices 79% of the time, which far
exceeded both the base rate and the profile method (see Table 6). On the other hand, the reverse was true for occupational categories with low base rates in this sample, such as Artistic and Realistic. For these occupational categories,
the ML-augmented method performed poorly. As the most extreme example, the ML-augmented method hit rate for
Artistic occupational membership was 0%, meaning that the ML-augmented method almost never accurately predicted
when a person worked in an Artistic occupation. Essentially, because the base rate of Artistic employment was so low
(base rate = 6%; i.e., a small proportion of people had Artistic jobs), the model rarely predicted that anyone worked in
an Artistic occupation, which resulted in a very low hit rate in that occupational category.
Notably, these findings highlight the importance of using accurate training data that is representative of the target
test sample for which predictions will be made. Based on the present findings, the underlying base rates (i.e., career
choice distributions) in the training data appear to heavily influence model predictions by helping the models “learn”
the most common and least common types of career choices. In this way, it is critical to ensure that the distribution
of career choices in the training sample is highly similar to the distribution in the test sample. For instance, the types
of career choices that are most common in urban areas likely differ from the most common types of career choices in
rural areas, so the training data from these respective locations should ideally be locally collected.
Because ML models are trained to underpredict groups or categories with low base rates, one potential way to
deal with this issue is to consider predictions from both the ML-augmented and the profile methods. When the two
methods predict different types of career choices, the ML-augmented method prediction can be used in cases where
the base rates reflect high rates of aspirations or employment; on the other hand, the profile method prediction can be
used in cases with low base rates. Future work may attempt to systematically test the viability of this decision rule in
applied prediction contexts to evaluate the combined accuracy of using the ML-augmented predictions for high-base
rate areas and profile method predictions for low-base rate areas.

4.1

Theoretical and practical implications

Interest measurement has a rich history in organizational, vocational, and educational psychology (Su, 2020; Zickar
& Min, 2019). The present findings suggest that ML can enhance the predictive validity of vocational interests, which
provides a modern advancement in interest measurement. Despite meta-analytic evidence that interest measures can
effectively predict career choices using traditional prediction methods (Hanna & Rounds, 2020), ML further improved
the capacity of measured interests to predict both occupational membership and vocational aspirations. The proposed
ML-augmented method combines the advantages of both traditional theory-driven methods that capture broad relations between interests and career choices and data-driven ML methods that enhance prediction for specific samples.
The advanced predictive capacity of the ML-augmented method thus has implications for interest theory, research
applications, and practice.
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The ML-augmented method can effectively incorporate both broad and specific interests, using comprehensive
interest information to enhance career choice prediction. In doing so, this method provides information about the
modern-day validity and practical application of Holland’s (1997) vocational theory, which has been widely used for
career guidance and research purposes for decades. Although Holland’s (1997) RIASEC categories holistically categorize hundreds of occupations and provide a comprehensive framework for evaluating the fit between people’s
interests and jobs, the traditional profile method based on RIASEC scale scores leaves room for improvement when
predicting both occupational membership and vocational aspirations (Hanna & Rounds, 2020).
One possibility is that Holland’s (1997) RIASEC categories may be too broad to meaningfully distinguish among
nuanced career preferences (Day & Rounds, 1997; Ralston et al., 2004; Su et al., 2019). In line with this argument,
more specific interests, such as basic interests, do tend to predict career choices better than broader interests (Hanna
& Rounds, 2020). For these reasons, basic interests can provide fruitful avenues of future work in predicting career
choices and providing career guidance. For example, more nuanced interest information can help job seekers narrow the range of possibilities within their highest RIASEC interest area, such as deciding among music, photography,
and graphic design within the realm of Artistic career paths. Nonetheless, basic interest measures that contain more
specific interest categories are typically much longer than RIASEC measures and more difficult to implement in
person-environment fit research due to their lack of integration with common sources (e.g., O*NET’s OIPs are based on
RIASEC). The ML-augmented method provides a nice balance by capturing the ease of use and shorter survey length
of RIASEC measures while also benefiting from the enhanced prediction of specific interests by incorporating interest
items. Thus, this method both acknowledges the limitations of traditional, theory-driven methods in practice, while
also capitalizes on the benefits of theoretically based measures and organizing frameworks.
The ML-augmented method also has a number of important implications for practice, particularly in organizations
and career guidance contexts. First, this method can be used in career counseling to improve the accuracy of career
choice recommendations. For example, career centers at universities around the United States typically have large
stores of vocational interest data from previous students, as well as follow-up information denoting the types of jobs
where those students ended up working after graduation. This data can be used to train ML-augmented models to
better predict students’ career choices and provide more useful guidance and recommendations to current and future
students. In addition, by taking into account the imbalance in employment rates across different occupational categories and subsets of the population, the ML-augmented method can be used to increase diversity in different career
orientations. For instance, models can be trained to identify more underrepresented individuals—who might not have
been identified by traditional methods—to pursue certain career paths where increases in racial, gender, and other
aspects of diversity would be beneficial. We will further explore this potential application in the “Limitations and
Future Directions” section.
Relatedly, the ML-augmented method could inform targeted recruitment efforts by more accurately identifying
potential qualified and interested job applicants. Because interest fit is related to important work outcomes such as
job performance (Nye et al., 2012, 2017), it is desirable to recruit and hire individuals who are interested in the open
positions. Organizations can measure the interests of current employees and train ML models to predict career choices
within that particular setting. In doing so, organizations can have more localized and tailored information regarding the
relation between interests and occupational membership among their particular population of employees. Using this
information, they can reach out to broader candidate pools to improve expected performance and diversity through
recruitment (Newman & Lyon, 2009). As an example, the ML-augmented method can be used in online recruitment
and be incorporated with sourcing algorithms (e.g., Bogen & Rieke, 2018) to more effectively deliver job opening
information to potential job applicants.
Organizations could also use the ML-augmented method to improve employee career development, job placement
and retraining, selection, promotion, and retention. For instance, by improving the accuracy of career choice prediction, the ML-augmented method could facilitate lateral transfer to help keep high-performing employees in the
organization when they would otherwise consider leaving, particularly when they view their current job as incongruent with their interests (Noe et al., 1988; Schneider, 1987). In addition, by capturing the ongoing changes in work tasks
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and their relation with specific interests, the ML-augmented method helps adapt job placement and retraining efforts
to meet the organizational needs.
Further, the ML-augmented method could enhance the use of vocational interests in personnel selection and promotion, which adds to the growing practice of using ML to advance selection practices (e.g., Campion et al., 2016;
Hickman et al., 2021; Sajjadiani et al., 2019). Previous studies have found that certain interest dimensions (e.g., Enterprising, Social) are related to an individual’s motivation to lead (Chan et al., 2000). The ML-augmented method could
incorporate such information to facilitate managerial and leadership placement, particularly for internal promotion
decisions. That is, in addition to facilitating job placements based on job tasks, the ML-augmented method can also
improve placements based on leadership potential and motivation, as captured by vocational interests. Across all of
these applications, the ML-augmented method can generally be used to further the career development of employees,
which can help organizations increase employee retention (Croteau & Wolk, 2010; Malhotra et al., 2016).
Nonetheless, there are some caveats to implementing the ML-augmented method in practice. Aside from the issue
of sensitivity to base rate that we mentioned above, small training samples might also hinder the accuracy of the MLaugmented method (e.g., Oswald et al., 2020; Song et al., 2021). Smaller organizations might have a more difficult
time training accurate ML-augmented models based on a small local sample. In this case, the users could consider
either using the traditional profile matching method or rely on ML-augmented models trained on a larger, nonlocal
sample. There is value for future studies to explore solutions for improving career choice prediction when the base
rate of the occupation is low, and when the sample size is low. Further, the complexity and data-reliant nature of the
ML-augmented method could obscure construct-irrelevant idiosyncrasies or biases in career choice prediction (e.g.,
Oswald et al., 2020). In addition to prediction accuracy, future developments of ML-augmented methods should also
consider other key criteria including bias and construct relevance.

4.2

Limitations and future directions

Despite the strengths of this work, there are a number of limitations, which in turn suggest several future directions.
First, despite the fact that the vocational aspirations from the unemployed participants were collected using the question, “What is your dream job?,” it is possible that some participants responded with external considerations in mind
(e.g., what occupations they could actually do, rather than what they ideally want to do). In this way, some of the
self-reported career choices may have been influenced by contextual factors of the unemployed sample, rather than
representing a pure assessment of ideal jobs. Further, although vocational aspirations represent motivational components of people’s career choice trajectories (Hanna & Rounds, 2020; Holland & Gottfredson, 1975), it is unclear
in this case whether these aspirations would guide the unemployed individual’s future career choices in the same
way as adolescent vocational aspirations, for example (Gottfredson, 1981, 2002). Because most previous studies of
vocational aspirations focused on samples of youth and adolescents (Hanna & Rounds, 2020), future studies could
consider studying vocational aspirations for unemployed participants, and follow-up with their vocational aspirations
and occupational membership after employment.
Second, the match between an individual’s interests and those of their occupation (i.e., interest congruence) is associated with positive work outcomes, including job satisfaction, performance, and retention (e.g., Hoff et al., 2020; Nye
et al., 2012; Van Iddekinge et al., 2011). While the current work proposed an ML-augmented method to improve the
match, we did not directly study how the proposed method could influence future work outcomes. Future studies are
needed to explore the relation between the improved career choice prediction and work outcomes, particularly those
assessed longitudinally. Such studies could enhance the theoretical understanding between interest congruence and
work outcomes, as well as improve the practical utility of interest-based prediction for career development and work
outcomes.
Third, occupations and aspirations are disproportionately distributed across the different RIASEC categories, so
there are imbalances in career choices (see DeCeanne et al., 2017). This imbalance is also reflected in the current

20

SONG ET AL .

sample. To further improve the accuracy of career choice prediction, future work could explore additional ML techniques to effectively address the imbalance in occupational distributions, as well as the possibility of considering the
ML-augmented method together with profile methods that are less tied to base rates.
This effort to address imbalance in occupational distributions could also contribute to improved diversity in career
orientations. For example, there is a major gender imbalance in STEM occupations, where STEM careers are more
often pursued and attained by men than women (Morris, 2016; Su & Rounds, 2015). There are a number of reasons leading to this imbalance, among which career prediction and guidance are key to advance gender equality in
STEM employment (for review, see Stewart-Williams & Halsey, 2021). The ML-augmented method proposed in this
study could be extended to improve career guidance for STEM and non-STEM occupations. Specifically, future studies
could explore ML-augmented methods to adjust for the imbalance in career choices by gender. These methods can be
used to identify more women (who might not have been identified by traditional career choice prediction methods)
to pursue STEM occupations, as well as identifying more men to pursue non-STEM occupations, such as nursing or
teaching. Further, in practice, self-exploration also plays an important role in determining a person’s career path. The
ML-augmented method has the potential to help self-exploration by encouraging individuals to explore career directions they might not normally consider. In particular, practitioners and career counselors could use the ML-augmented
method to provide such recommendations to clients, who can further explore these less-considered options to find
a well-fitting career path. In sum, improved career choice prediction facilitates career development, recruitment,
selection, retention, and contributes to diversity in both STEM and non-STEM occupations.

4.3

Conclusion

This study aimed to enhance the accuracy of interest inventory-based career choice prediction through the application of ML. We proposed an ML-augmented method that combines the advantages of both interest theories and
data-driven ML by incorporating information from both broader RIASEC interest scales and specific interest items.
Results showed that, overall, the ML-augmented method yielded higher predictive accuracy than the traditional profile method in predicting both occupational membership and vocational aspirations. These findings suggest that ML
can enhance the predictive validity of vocational interests, which provides an important contribution to both theory and practice. Nonetheless, the profile method outperformed the ML-augmented method for predicting career
choices in occupational areas with low base rates. In this way, both the ML-augmented method and the profile method
have important uses in practice, and base rates are critically important for understanding which method is preferable in future applications. Finally, by providing access to our analysis code and detailed instructions, our hope is that
researchers, organizations, and counselors can easily implement the new ML-augmented method to predict career
choices in both research and applied contexts.
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ENDNOTES
1

This is parallel to support for using Big Five facets in personnel selection (e.g., Hogan & Roberts, 1996; Paunonen et al., 1999).
https://time.com/4343767/job-personality-work/
3
The PGI-Mini is based on a circumplex model, which was empirically supported by previous studies (e.g., Glosenberg et al.,
2019). Specifically, Glosenberg et al. (2019) evaluated the circumplex model using a randomization test of hypothesized order
2
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relations (that compares the fit of the data with the hypothesized circumplex model against a randomized, permuted data).
They used a correspondence index (CI) to examine the fit, where CIs of 0.5 are considered good fit (meaning 75% of the
theoretical predictions were supported; see Rounds et al., 1992). Results suggested a statistically significant fit between PGIMini and the RIASEC circumplex structure (CI = .89, p = .017). Realistic was calculated as: (item 5 + item 15)/2. Investigative
was calculated as: (item 6 + item 16)/2. Artistic was calculated as: (item 7 + item 17)/2. Social was calculated as: [2 × (item 8 +
item 18) + (item 1 + item 11)]/3. Enterprising was calculated as: [2 × (item 2 + item 12) + (item 1 + item 11)]/3. Conventional
was calculated as: [2 × (item 4 + item 14) + (item 3 + item 13)]/3. See Tracey (2019) for details.
4
The O*NET database with high-point codes and RIASEC scores for each occupation is available at https://www.onetcenter.
org/dictionary/25.3/excel/interests.html
5
Averaging is a common ensemble learning technique to ensemble the prediction of multiple ML models. The technique could
increase the prediction accuracy and model generalizability (Dietterich, 2000; see Zhou, 2012, pp. 68–69 for details).
6
The term “bias” here refers to a numerical value that is part of the input signal processing/calculation. It is analogous to the
intercept in multiple regression.
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APPENDIX A
BRIEF DESCRIPTION OF MACHINE LEARNING ALGORITHMS USED IN THE STUDY
Neural network
Neural networks mimic natural neurons in the human brain, where each natural neuron takes input signals, activates
based on the strength of the signals, and yields a possible answer (Schmidhuber, 2015). The neural network model
used in the current paper is a multiple-layer perceptron, a kind of feedforward neural network. Artificial neurons in
this model are connected and grouped into multiple layers. At the beginning of model training, the input data (predictors) are processed through the layers using randomly initiated parameters (e.g., weights on each connection between
neurons, bias6 of each neuron). Given the prediction error between the predicted and the observed outcomes, the
neural network iteratively updates the parameters until prediction error is minimized. Details about neural networks
can be found in Chapter 11 of Hastie et al. (2009).
k-nearest neighbors (k-NN)
The k-nearest neighbors algorithm uses the unknown data points’ k nearest neighbors to determine which group the
data belongs to, assuming similar data points are close to each other (Fix & Hodges, 1989). For example, if k = 5, to
predict the outcome value of the unknown data point, 5-NN algorithm calculates the distance (e.g., Euclidean distance)
between the predictor scores of the unknown data point and the known data point in the training dataset. It then
selects five observations in the training dataset with the lowest distance. The algorithm makes the prediction by taking
the average of the outcomes corresponding to the selected observations.
Elastic net
Elastic net is a type of regularized regression algorithm that aims to prevent model overfitting by limiting (penalizing)
the magnitude of regression coefficients (Zou & Hastie, 2005). Elastic net regularization combines the advantages
of ridge (which is capable of dealing with high multicollinearity) and LASSO (which is capable of performing variable
selection; Putka et al., 2018) regularizations by including the ridge and LASSO penalty terms in the algorithm.
Random forest
The random forest algorithm fits and combines multiple decision tree models on bootstrapped samples. It uses a random subset of the predictors to train the nodes in each decision tree (Breiman, 2001), which increases the diversity of
each decision tree and helps improve the overall prediction accuracy of the random forest (Putka et al., 2018).

