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Abstract 

Automation continues to be a disruptive force in the workforce. In particular, new automated 

technologies are projected to replace many mid-skill jobs, potentially displacing millions of 

workers. Career planning agencies and other organizations can help support workers if they are 

able to effectively identify optimal transition occupations for displaced workers. We drew upon 

the 24.2 Occupational Information Network (O*NET) Database to conduct two related studies 

that identify alternate occupations for truck drivers, who are at risk of job loss due to the 

adoption of autonomous vehicles. In Study 1, we statistically compared the jobs that we 

identified based on different search methods using O*NET classifications based on their 

similarity to the knowledge, skills, values, and interests held by truck drivers. In Study 2 we 

conducted a survey of truck drivers to evaluate their perceptions of the occupations identified as 

objectively similar to their occupation. Results indicate that optimal transition occupations may 

be identified by searching for occupations that share skills as well as the same work 

activities/industry as a given occupation. These findings hold further implications for career 

planning organizations and policymakers to ease workforce disruption due to automation. 
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Rapid technological development continues to impact many aspects of work. Historically, 

machines have replaced people when they are able to perform tasks more efficiently, safely, and 

cheaply than human labor. More recent work on computerization and the workforce has 

highlighted the polarization of the labor market into high-wage, high skill and low-wage, low-

skill jobs (Goos & Manning, 2003; Autor, 2010). This polarization is explained by routine-biased 

technological change, which asserts that computers have different impacts on the workforce 

based on whether work is routine or non-routine (Autor et al., 2003). Specifically, computers 

may replace mid-skill workers performing routine manual and cognitive tasks, but not low- and 

high-skill workers who perform non-routine manual and cognitive tasks (Autor et al., 2003; 

Autor et al., 2006) in occupations that require interpersonal skills and/or environmental 

adaptability (Autor, 2007).  

At present, the research and policy community is investigating the potential impacts of a 

new wave of artificial intelligence (AI) technologies on the workforce (Frey & Osborne, 2017; 

Acemoglu & Restrepo, 2020; Zahidi et al., 2020). Unlike prior innovations in computer-related 

technologies, there is concern that AI will replace more educated workers in high-wage jobs 

(e.g., loan application analysis and medical image processing) (Mitchell & Brynjolfsson, 2017; 

Frank et al., 2019; Frey, 2019). The extent to which workers may be displaced depends on the 

degree to which AI functions as a labor-enabling or a labor-replacing technology (Frey, 2019). 

Labor-enabling technologies create new jobs and/or complement existing job functions by 

making workers more productive, whereas labor-replacing technologies substitute for jobs and 

skills, making existing workers and machines redundant (Frey, 2019).  

Therefore, although technological innovation has long-term workforce benefits, in the 

short-term it can have a disruptive impact on the workforce by rendering certain jobs obsolete 

(Frey, 2019). This disruption can last for decades, making concerns related to AI particularly 

salient. Displaced workers may face a challenging job search process, as many who have worked 

in the same occupation for years will now need to identify and apply to work in a different 

occupation. These workers may also experience a decline in wages as they transition to related 

but lower-paying occupations (Frey, 2019).  

The adoption of autonomous vehicles (AVs) (i.e., self-driving cars) is a prime example of 

automation that is expected to have a major impact on the workforce (Yankelevich et al., 2018). 

Forecasts project that AV adoption may displace 1.3 to 2.3 million drivers over the next decades 

(Groshen et al., 2018), with an expected 300,000 truck driving jobs at risk of becoming obsolete 

(Viscelli, 2018). This is a concern because truck drivers tend to be older (e.g., the average fleet 

driver is 55 years-old, Costello & Suarez, 2015), which could make retraining for new jobs more 

difficult.  

Given these challenges, the purpose of this research is to identify optimal potential 

transition occupations for truck drivers, as an archetypal occupation vulnerable to technology-

driven labor displacement. We first identify alternate occupations based on occupational 

information provided by the 24.2 Occupational Information Network (O*NET) Database, then 

evaluate truck drivers’ perceptions of the occupations. The O*NET Database was developed as a 

resource for job seekers and is the prime source of information about 900+ occupations in the 

U.S. (Gore & Hitch, 2005).  

The O*NET Database is useful for determining whether a job seeker is qualified for an 

occupation based on its requirements (Converse et al., 2004). Specifically, O*NET presents 

information on the knowledge and skills deemed important to perform a job as well as the values 

and interests held by most job incumbents. Accordingly, O*NET characterizes the knowledge, 
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skills, abilities, and other qualifications (KSAOs), values, and interests held by the average truck 

driver. Considering alternate occupations, it is important to identify occupations for displaced 

workers that have a similar KSAO profile to that of their previous occupation for several reasons.  

 First, identifying occupations in which drivers can apply their extant skillset can help to 

ensure that displaced drivers do not have to move into lower-skill occupations and lose earnings. 

Moreover, doing so can minimize the time and resources needed to retrain for a new occupation. 

Research indicates that workers who transition into occupations that are a poor match to the 

skills developed in their previous occupation experience a drop in earnings (Eggenberger et al., 

2015; Rinawi & Backes-Gellner, 2019). Job loss and the ensuing job search process itself is 

often difficult and costly. The total income that would be lost by workers who are at risk of being 

displaced due to AVs is estimated at $180 billion (Groshen et al., 2018). Identifying suitable 

alternative occupations for displaced drivers to quickly transition into can minimize these 

negative impacts. 

Second, it is also important to locate occupations that match workers’ KSAOs to 

maximize their satisfaction and performance. Theories of person-job (P-J) fit focus on the 

compatibility between a worker’s characteristics (e.g., their KSAOs) and what an occupation 

demands and supplies (e.g., the knowledge and skills required and the interests and values that 

the job satisfies) (Kristof-Brown & Guay, 2011). Congruence between workers’ characteristics 

and those of their job is related to higher job satisfaction, well-being, and performance, and 

lower intentions to quit and actual turnover (see Kristof-Brown & Guay, 2011, for a review).  

 In this study, we endeavor to evaluate and compare methods for identifying potential 

alternate occupations for long-distance truck drivers. As noted, the adoption of automated 

trucking is projected to increase in the coming decade (Litman, 2021; Yankelevich et al., 2018), 

and reports forecast that this will drastically reduce job openings for human drivers (Alonso 

Raposo et al., 2018; Beede et al., 2017). In Study 1, we generated sets of transition occupations 

through two search methods based on O*NET data and statistically compared the resulting three 

sets of potential transition occupations based on their similarity to the KSAOs of truck driving. 

In Study 2, we conducted a survey with a sample of truck drivers to evaluate whether drivers 

themselves view identified alternate occupations as similar to truck driving and desirable. Career 

planning agencies and job seekers can use the insights provided by our findings to generate 

longer lists of potential alternate occupations (Allen et al., 2012). We provide evidence of 

optimal procedures to identify transition occupations using O*NET data and outline our process 

so that it can be replicated by career management and planning services, organizations that will 

experience automation, and workers.  

The O*NET Database 

 O*NET is the preeminent repository for descriptive occupational information in the U.S., 

and has served as a resource for vocational counselors, human resource professionals, 

researchers, and job seekers for decades (Levine & Oswald, 2012). The database is supported by 

the U.S. Department of Labor/Employment and Training Administration (USDOL/ETA). 

O*NET data on occupational characteristics are drawn from large-scale job analyses and ratings 

provided by job incumbents and trained job analysts. These ratings are used to classify the 

knowledge topics, skills, abilities, interests, work values, and more, that are important for 974 

occupations. For most jobs this occupational information is updated annually. Additional 

information about the database can be accessed through the following link 

(https://www.onetcenter.org/overview.html). 

 

https://www.onetcenter.org/overview.html
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[Table 1 About Here] 

 A description of occupational characteristics used in this study, with examples of 

important KSAOs for truck drivers as well as an unrelated occupation, childcare workers, is 

presented in Table 1. Research supports that these individual difference variables are important 

predictors of outcomes including occupational choice, satisfaction, and performance (Sackett et 

al., 2017). To summarize, O*NET provides information on what knowledge topics (out of 33 

broad knowledge topics) as well as which skills (out of 35) are needed in an occupation. 

O*NET also provides information about 6 vocational interests, derived from Holland’s 

(1997) RIASEC model, may be satisfied by an occupation. The RIASEC model includes the 

interests of realistic, investigative, artistic, social, enterprising, and conventional, which are 

classified as points along a hexagonal structure. Interests that are on opposite ends of the 

hexagon are considered conflicting (e.g., investigative occupations involve working with ideas, 

whereas conventional occupations deal with clear routinized procedures and details rather than 

ideas).  

 O*NET likewise includes information on which of 6 work values an occupation satisfies. 

Values are derived from the Theory of Work Adjustment, a model of person-vocation fit, and 

refer to the aspects of work relevant to worker satisfaction (Ros et al., 1999). For instance, 

occupations that satisfy the value for “working conditions” are characterized by desirable 

conditions such as job security and task variety. The other values are achievement, 

independence, recognition, relationships, and support. In comparison to knowledge and skills, 

which can be learned and cultivated, interests and values are understood to be relatively enduring 

traits that can develop but generally tend to be stable across the lifespan (Sackett et al., 2017). 

Occupations are further classified into job zones, which range from 1-5 and indicate the 

degree of preparation required to enter the occupation. Jobs in zone 1 require little or no 

preparation, jobs in zone 2 require some preparation (e.g., high school diploma), and jobs in zone 

3 require medium preparation (e.g., associate’s degree or vocational training). Job zones 4 and 5 

require considerable (e.g., bachelor’s degree) and extensive (e.g., a graduate degree) preparation, 

respectively.  

Study 1 

 In Study 1, we identified potential transition occupations for truck drivers through 

different methods of searching the O*NET Database. Then, for each transition occupation, we 

coded the number of knowledge topics, skills, interests, and values that were shared and 

unshared (important for the transition occupation, but not truck driving) between the occupation 

and truck driving. Lastly, we statistically compared the occupations identified through the 

different search methods based on their KSAO similarity to truck driving. 

Methods 

 We utilized two separate methods to identify alternate occupations for truck drivers based 

on the 24.2 O*NET Database, and these searches resulted in three separate sets of potential 

alternate occupations. Because truck driving falls into job zone 2, we included occupations in job 

zones 1 to 3. We did not include occupations in job zones 4 or 5. 
We first utilized the Skills Search function provided by O*NET Online. We selected the 

8 skills deemed important for the job of truck driving (operation and control, operation 

monitoring, time management, critical thinking, monitoring, reading comprehension, speaking, 

and troubleshooting) to search for occupations that share these skills. O*NET returned a list of 

occupations that shared 6 or more skills with truck driving. We included these occupations in our 

list of Shared Skills alternate occupations, which included a total of 158 occupations.  
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 Although the Skills Search is quick and easy to use, it is limited by comparing only skills. 

We also searched for jobs with related tasks and work activities to truck driving as well as jobs in 

the same career cluster (Transportation, Distribution, & Logistics), industry (Transportation and 

Warehousing), and job family (Transportation and Material Moving). In total, this second Shared 

Work/Industry job set consists of 50 occupations.  

Finally, we sorted occupations that were identified in both the Shared Skills and Shared 

Work/Industry job searches into a separate list, consisting of 41 Shared Skills and Work/Industry 

occupations. Each of these three sets of potential alternate jobs (Shared Skills, Shared 

Work/Industry, and Shared Skills and Work/Industry) represents a unique list of occupations.  

For each occupation, we noted the number of knowledge topics, skills, interests, and 

values that the identified alternate job shared with truck driving. We also noted the number of 

each of these KSAOs judged to be important for the alternate job, but not for truck driving. For 

example, the job of non-destructive testing specialist (which entails testing the safety of vehicles 

or other structures using equipment, such as x-rays) shares three knowledge areas in common 

with that of truck driving: knowledge of customer and personal service, English language, and 

public safety and security. These knowledge topics are important for fulfilling both jobs. 

However, there are 6 other “unshared” knowledge topics that are important for the job of non-

destructive testing specialist but not for truck driving (e.g., engineering and technology, 

mathematics, etc.). These topics therefore represent knowledge that truck drivers may need to 

acquire to transition into this alternate occupation. We also recorded the median annual salary 

(provided by the U.S. Bureau of Labor Statistics Occupational Employment Statistics (OES) 

program) and job zone for each occupation.   

Results 

 As an example, Figure 1 presents plots depicting the number of knowledge topics, skills, 

interests, and values that are shared and unshared (i.e., deemed to be important for the alternate 

occupation but not for truck driving) for six occupations identified as similar to truck driving 

(three occupations, that were closest in similarity to truck driving and three that are not as 

similar—i.e., a farther-fit to truck driving). This figure also presents the number of shared and 

unshared KSAOs with truck driving for three occupations that were not identified in our search 

methods, for further comparison. As can be seen, the example occupations identified in our 

searches have a greater number of shared KSAOs with truck driving and fewer unshared KSAOs 

compared to the occupations that were not identified in our search.   

[Figure 1 About Here] 

Table 2 depicts 10 occupations for each of the Shared Skills, Shared Work/Industry, and 

Shared Skills and Work/Industry job lists along with the number of KSAOs for each job that are 

shared and unshared with truck driving.  

[Table 2 About Here] 

We conducted one-way ANOVAs in SPSS version 26.0 to assess the objective similarity 

to the KSAOs needed for truck driving between the Shared Skills, Shared Work/Industry, and 

Shared Skills and Work/Industry job sets. We applied the Bonferroni correction for all post hoc 

analyses probing for differences in KSAO similarity between these job sets. First, the three sets 

of occupations differed significantly in their average job zone (F(2,240)=19.91, p<.01). The 

Shared Skills and Shared Skills and Work/Industry occupations have a higher average job zone 

(i.e., requiring more preparation) than the Work/Industry jobs (p<.01).  

 There were also significant differences between the job sets in the amount of shared 

(F(2,240)=48.65, p<.01), as well as unshared (F(2,240)=6.90, p<.01), vocational interests with 
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truck driving. The Shared Skills and Shared Skills and Work/Industry occupations have 

significantly more shared interests with truck driving than the Shared Work/Industry occupations 

(ps<.01). There was also a significant difference between the three job sets in the degree that 

work values were shared with truck driving, (F(2,240)=8.15, p<.01), although there was not a 

significant difference in the amount of unshared values, (F(2,240)=.81, p=.45). A post hoc Tukey 

HSD test indicated that, on average, Shared Skills and Shared Skills and Work/Industry 

occupations have more shared work values with truck driving compared to the Shared 

Work/Industry jobs (ps<.01). 

 The three job sets also differed in average median income, (F(2,244)=20.13, p<.01). A 

post hoc Tukey HSD test suggested that the average median salary for the Shared Skills and 

Work/Industry jobs was significantly higher than the other job sets (ps<.01). The Shared Skills 

jobs also have a significantly higher income compared to the Shared Work/Industry jobs (p<.01). 

Next, the job sets differed in the amount of shared, (F(2,239)=9.32, p<.01), as well as unshared, 

(F(2,240)=11.98, p<.01), knowledge topics with trucking. The Shared Skills and Work/Industry 

jobs share significantly more knowledge topics with trucking than do the other job sets (p<.01). 

Conversely, the Shared Skills jobs require significantly more knowledge topics that are unshared 

from those required for trucking (p<.01).  

 Finally, there were significant differences in the amount of shared, (F(2,240)=176.86, 

p<.01), and unshared, (F(2,240)=10.94, p<.01), skills with truck driving between the three sets of 

alternate occupations. The Shared Work/Industry jobs have fewer shared skills with truck driving 

than the other sets (ps<.01), but also fewer unshared skills (ps<.05). 

 

Discussion 

 Overall, the results of our statistical comparisons indicate that the different search 

methods may return occupations that meaningfully differ in their similarity to truck driving, an 

occupation at risk of becoming automated. Occupations that were identified in both a Shared 

Skills and Work/Industry search displayed the greatest congruence with truck driving in terms of 

the preparation required, knowledge, skills, vocational interests, and work values.  

However, these different job searches may also be used to generate lists of jobs for 

displaced workers in different circumstances. The Shared Skills jobs aligned better with truck 

driving in terms of skills, interests, and values compared to Shared Work/Industry jobs; however, 

they also had a higher job zone, on average. Identifying alternate jobs via the Skills Search 

function may therefore be optimal for displaced workers who are open to undergoing additional 

training to obtain a job that satisfies their interests and values. Workers who are not interested in 

additional training may be better served by searching for occupations that share work activities 

and tasks and/or are in the same industry (i.e., “Shared Work/Industry” jobs) as their previous 

job.  

 

Study 2 

 Identifying alternate occupations that are an objectively good fit to a displaced worker’s 

previous occupation may be of limited use if workers themselves do not perceive that they are a 

good match. Several constructs are relevant for assessing the viability of a potential alternate 

occupation. We conducted a cross-sectional survey with a sample of truck drivers to confirm that 

these search methods identify occupations that are, indeed, viewed as viable potential transition 

occupations by truck drivers themselves. Further, evaluating whether jobs that are objectively 
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similar to truck driving, in terms of KSAOs, are also seen as similar by truck drivers will provide 

support that O*NET classifications can be used to identify relevant transition occupations. 

To evaluate a transition occupation, it is important to ascertain whether an individual 

perceives that a job satisfies their needs as a worker and that they can perform this work role—

that is, that an occupation is a good fit for them. Person-environment fit theories contend that 

stress arises from misfit between a worker’s abilities and needs and the supplies and demands of 

their job (Edwards et al., 1998; Kristof-Brown & Guay, 2011). Therefore, workers will be drawn 

to occupations that are congruent with their abilities and needs and will experience greater well-

being and performance in these occupations. It is likely that those who entered into truck driving 

and have stayed in the industry tended to enjoy a relatively good fit between their needs and 

abilities and driving, given that continuance is positively related to person-job fit (Kristof-Brown 

& Guay, 2011).  

Needs-supply fit refers to the match between one’s general needs and how well the job 

can fulfill them and demands-abilities fit refers to the match between what is required to perform 

the work role and one’s attributes (van Vianen, 2018). These fit perceptions predict intentions to 

accept a job offer (Chapman et al., 2005) and attitudes and performance in a job (van Vianen, 

2018). A good fit may also ensure that workers continue to be engaged in their jobs (Shabeer et 

al., 2019). Accordingly, drivers’ fit perceptions can provide initial evidence that jobs identified 

as similar to truck driving with O*NET data will indeed be a good match for drivers.  

In determining the applicability of potential alternate occupations identified through 

O*NET, it is also important to confirm that job incumbents are interested in these jobs (i.e., not 

only do they perceive that they could transition into them, but they would also want to do so). 

Job appeal is assessed as an indicator of desire and interest for a particular job (Gaucher et al., 

2011), and is associated with perceptions of fit (Tresh et al., 2019) and intentions to apply for a 

job (Horvath & Sczesny, 2014). Furthermore, to confirm that drivers would be willing and open 

to the alternate occupations we also measured drivers’ explicit interest in these jobs as 

alternatives to truck driving.    

Hypothesis 1: Occupations with greater similarity to truck driving, in terms of KSAOs, will be 

perceived as better-fitting, more appealing, and more desirable to transition into compared to 

jobs that are less similar.  

 Although Shared Skills jobs displayed a good fit in KSAOs with driving, we predicted 

that the Shared Skills jobs would be seen as less favorable compared to Shared Work/Industry 

and Shared Skills and Work/Industry jobs, given that workers may be more inclined towards jobs 

that are familiar to them, and jobs in the same industry will be more familiar. This is because of 

the well-documented effect that suggests that greater familiarity tends to increase liking 

(Montoya et al., 2017). 

Hypothesis 2: Shared Work/Industry and Shared Skills and Work/Industry occupations will be 

rated higher in fit, appeal, desirability, and familiarity, compared to Shared Skills occupations.  

 

Method 

Participants  

The sample consisted of 210 truck drivers, although 8 were excluded from analyses due 

to data quality concerns (e.g., failing attention check questions), for a final sample size of 202. 

Participants were recruited by Qualtrics Panels. Individuals were eligible to participate if they 

spoke English and worked 20 or more hours per week as a long-distance truck driver. In 

addition, we instituted a quota on participant age to ensure that approximately 20% of the sample 
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was 50 years-old or above. This was to ensure a degree of representativeness, as the average fleet 

driver is 50 years-old or older (Costello & Suarez, 2015). Participants were compensated with a 

small monetary payment for completing the survey. 

 Participants were 44.17 years-old on average (SD=10.58, Min.=23.0, Max.=71.0), and 

had spent an average of 9.46 years working as a truck driver (SD=6.23, Min.=2.0, Max=50.0). 

The sample was majority male (81.2%, female=18.8%) and White (69.3%, 16.8% Black/African 

America, 7.4% Asian, 3.0% American Indian or Alaskan Native, 3.0% Native Hawaiian or 

Pacific Islander, and 0.5% Other). The majority indicated that they worked as a commercial 

fleet/company driver (62.4%), and others worked as an owner operator/independent driver 

(37.1%). 

 

Procedure 

Participants provided their informed consent prior to taking the survey. Participants were 

presented with 6 job titles and a description of the work performed for each job. These 

occupations and their descriptions are displayed in Table 3, and the number of shared and 

unshared KSAOs that they have with truck driving is also presented in Figure 1. Two 

occupations were selected from the Shared Skills, Shared Work/Industry, and Shared Skills and 

Work/Industry job sets each. For each job set, one occupation was selected that had a very close 

fit with truck driving (more shared KSAOs and fewer unshared KSAOs) and one was selected 

that had a farther-fit to truck driving (i.e., more dissimilar to truck driving, with fewer shared 

KSAOs and more unshared KSAOs). Each of these occupations were no farther than one scale-

point from truck driving in prestige (Hauser & Warren, 1997).  

[Table 3 About Here] 

For each of these occupations, participants rated the needs-supply fit, demand-abilities fit, 

job appeal, and their interest in this job as an occupation to transition into. The order in which the 

6 occupations were presented was randomized. 

 

Measures 

Needs-Supply Fit. The perceived fit between one’s needs and the extent to which the 

occupation would satisfy them was measured with three items from Cable and DeRue (2002). 

Items were adapted such that respondents rated their perceptions of fit for the jobs presented in 

the survey. Ratings were made on a 5-point scale (1=Strongly disagree, 5=Strongly agree). A 

sample item is, “This job would give me just about everything that I want from a job.” 

Cronbach’s alpha ranged from .64 to .81 across the 6 occupations. 

Demand-Abilities Fit. Fit between the perceived job demands and one’s abilities was 

assessed with three items from Cable and DeRue (2002) and Resick et al. (2007). All ratings 

were made on a 5-point scale (1=Strongly disagree, 5=Strongly agree). A sample item reads, 

“My knowledge, skills and abilities match the requirements of this job.” Cronbach’s alpha 

ranged from .64 to .84 for the 6 occupations.  

Job Appeal. The appeal of each occupation was assessed with 4 items adapted from a 6-

item scale (Gaucher et al., 2011). Two items that referred to one’s organization were not 

included. Ratings were made on a 7-point scale (1=Strongly disagree, 7=Strongly agree). A 

sample item is, “This job is appealing.” Cronbach’s alpha ranged from .63 to .78. 

 Interest in Job. Interest in each occupation as a potential transition job was measured 

with a single item created by the research team. This item read, “How interested would you be in 
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the job of [occupation] as an alternative to your current job?” and was rated on a 5-point scale 

(1=Very uninterested, 5=Very interested).  

 Familiarity with Job. We measured familiarity with each job with three items adapted 

from previous research (Gefen, 2000; Vasilopoulos et al., 2000; Edwards et al., 2006). Items 

were rated on a 7-point scale (1=Strongly disagree, 7=Strongly agree). A sample item is, 

“Overall, I am familiar with this job”. Cronbach’s alpha ranged from .75 to .88. 

 

Results 

 We conducted a series of 2 (similarity to truck driving KSAOs: closest, farthest) X 3 (job 

set: Shared Skills, Shared Work/Industry, Shared Skills and Work/Industry) ANOVAs to 

compare drivers’ perceptions of the example jobs. We applied the Bonferroni correction to all 

post hoc pairwise comparisons. Figure 2 displays the means across ratings for the jobs closest 

and farthest in KSAO similarity to truck driving. Figure 3 depicts average ratings for the study 

variables for each job set.  

[Figure 2 About Here] 

[Figure 3 About Here] 

First, considering the prediction of needs-supply fit, there was a main effect of KSAO 

similarity with truck driving, F(1, 201) = 29.55, p<.001, η2=.13, such that the jobs closest in 

similarity (M=3.79) were rated significantly higher in needs-supply fit than the jobs farthest in 

similarity (M=3.55). There was also a main effect of job set F(2, 402) = 2.98, p=.006, η2=.03. 

The Shared Work/Industry jobs were rated significantly higher on fit (M=3.75) than the Shared 

Skills jobs (M=3.58). There was not a significant interaction between the factors, F(2, 402) = .02, 

p=.98, η2=.00. 

 Again, there was a main effect of KSAO similarity in predicting demands-abilities fit, 

F(1, 201) = 30.13, p<.001, η2=.13. Jobs closest in KSAO similarity to truck driving (M=3.76) 

were rated higher in demands-abilities fit than jobs farthest in KSAO similarity (M=3.48). There 

was also a main effect of job set, F(2, 402) = 5.95, p=.003, η2=.03. The Shared Skills jobs 

(M=3.52) were rated significantly lower than both the Shared Work/Industry jobs (M=3.65), 

p=.02, and the Shared Skills and Work/Industry jobs (M=3.69), p=.007. The interaction between 

KSAO similarity with truck driving and job set was not significant, F(2, 402) = 2.07, p=.13, 

η2=.01. 

 Concerning job appeal, the main effects for KSAO similarity, F(1, 201) = 15.0, p<.001, 

η2=.07, and job set were significant, F(2, 402) = 4.47, p=.01, η2=.02. Jobs closest in KSAO 

similarity (M=5.00) were rated as more appealing than jobs farthest in KSAO similarity 

(M=4.76). Moreover, Shared Work/Industry jobs (M=4.96) were also seen as more appealing 

than Shared Skills jobs (M=4.76), p=.004. However, the interaction between KSAO similarity 

and job sets was not significant, F(2, 402) = .35, p=.70, η2=.002. 

 There were also main effects of KSAO similarity, F(1, 201) = 13.38, p<.001, η2=.06, and 

job set, F(2, 402) = 7.04, p=.001, η2=.03, in predicting interest in transitioning into the alternate 

jobs. Drivers expressed greater interest in jobs closest in KSAO similarity to trucking (M=3.83) 

compared to jobs farthest in KSAO similarity (M=3.60). Likewise, Shared Work/Industry jobs 

(M=3.84) were rated higher in interest than were Shared Skills jobs (M=3.60), p<.001. Lastly, 

there was not a significant interaction between KSAO similarity and job set, F(2, 402) = 1.27, 

p=.28, η2=.01. 

 Comparing ratings of familiarity, there were main effects of KSAO similarity, F(1, 201) 

= 29.16, p<.001, η2=.13, and job set, F(2, 402) = 6.02, p=.003, η2=.03. Jobs closest in KSAO 
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similarity to trucking (M=5.34) compared to jobs farthest in KSAO similarity (M=4.96), were 

seen as more familiar to truckers, p<.001. Shared Work/Industry (M=5.20) and Shared Skills and 

Work/Industry jobs (5.24) were both seen as more familiar than Shared Skills jobs (M=5.01), 

ps<.05. The interaction between KSAO similarity and job set was not significant, F(2, 402) = 

2.43, p=.09, η2=.01. 

 

Discussion 

We conducted this survey to examine whether truck drivers viewed potential alternative 

occupations identified from different O*NET search methods as 1) similar to truck driving and 

2) viable transition occupations. Overall, drivers perceived jobs with greater objective similarity 

to truck driving (in terms of KSAOs) to be a better match to their needs and abilities, compared 

to jobs with less KSAO similarity. Drivers also rated jobs with greater KSAO similarity as more 

appealing, and they were more interested in them as potential transition occupations. These 

findings support our first hypothesis and suggest that O*NET data on KSAO similarity aligns 

with truck drivers’ perceptions of job similarity and may thus be relied upon to identify transition 

occupations for displaced workers.  

Although we presented truck drivers with jobs that had a closer and farther-fit to truck 

driving based on KSAOs, these jobs were all still identified as similar to truck driving through 

our searches, and in general drivers tended to have positive perceptions of them. Ratings of 

needs- and demands-fit, appeal, and interest in Shared Work/Industry jobs were also higher than 

ratings for Shared Skills jobs; this finding provides support for our second hypothesis. Drivers 

may have viewed the Shared Skills jobs of machine setter and electronics repairer less positively 

in part because they were less familiar to them. As predicted, drivers also viewed the Shared 

Work/Industry and Shared Skills and Work/Industry jobs (cargo and freight agents, bus and truck 

mechanics, etc.) as significantly more familiar compared to the Shared Skills jobs. In essence, 

survey results find evidence that truck drivers view the alternate occupations identified through 

our search methods as similar to their job and see them as viable transition occupations. 

However, alternate occupations that are identified through both a Skills Search and Shared 

Work/Industry search or just a Shared Work/Industry search, as opposed to only using O*NET’s 

Skills Search, may be perceived as somewhat of a better fit and more viable.  

 

General Discussion 

 Automation is poised to replace many jobs, and as a result workers will need to transition 

into new occupations (Zahidi et al., 2020). Career services organizations, policymakers, and 

organizations that employ workers at risk of displacement can prepare for the major disruption 

that will ensue by identifying occupations that are a good match to workers’ current skill profiles 

to streamline reemployment and minimize costs associated with transitioning occupations 

(Rinawi & Backes-Gellner, 2019).  

Given the disruptive impacts that autonomous vehicles are anticipated to have on the 

workforce, the goal of this project was to outline and compare processes for generating lists of 

alternate occupations from O*NET data, using the occupation of truck driver as an example. We 

identified and grouped alternate occupations by completing a Skills Search on O*NET and 

searched for occupations that share work activities/tasks and/or are in the same industry as truck 

driving. Comparisons of the objective similarity in knowledge, skills, vocational interests, and 

work values to truck driving across the three resulting job sets (Shared Skills, Shared 

Work/Industry, and Shared Skills and Work/Industry) indicated that Shared Skills and 
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Work/Industry occupations generally displayed the closest match to truck driving. Our second 

study further indicated that, for truck drivers, occupations with a greater objective similarity to 

truck driving in terms of KSAOs were seen as a better fit, more appealing, and more viable as 

potential transition occupations. Drivers also tended to have more favorable reactions to the 

Shared Work/Industry and Shared Skills and Work/Industry occupations compared to just Shared 

Skills occupations. O*NET offers several avenues to identify similar occupations (e.g., skills 

search and shared job zone, career cluster, and industry). However, it was not clear what search 

methods may be of the most use for identifying similar occupations, or how occupations 

uncovered in these different search methods may differ from one another in a way that is 

meaningful for job seekers. For example, some jobs that share similar skills may still differ in the 

vocational interests and work values that they satisfy, so workers with a similar skillset still may 

not wish to enter into these jobs. Thus, our study compares and provides evidence for the value 

of different search methods to identify potential alternate occupations for displaced workers 

using the O*NET Database.  

 These findings have several practical implications for workforce training organizations, 

educational institutions, career planning services, and policymakers. Occupations identified in 

the Skills Search were similar in KSAOs and paid more, but also required a greater degree of 

preparation, compared to occupations identified in the Shared Work/Industry search. Thus, the 

Skills Search function may be most useful for younger workers and/or those who are willing to 

undergo more extensive training or education. Those who are uninterested in undergoing 

additional education may find better options based on a Shared Work/Industry search. This could 

be a more useful option for older workers, who tend to be less interested in undertaking 

additional training (Ng & Feldman, 2012).  

However, research also suggests that the reason why older workers are less interested in 

training is because of ubiquitous stereotypes that older workers are less motivated and capable of 

learning (Posthuma & Campion, 2009). Older workers may internalize these stereotypes and 

come to view training as more difficult for them and thus not worth attempting (Maurer et al., 

2003). Yet evidence also indicates that older workers can be motivated and successful in training 

if they are informed of the positive benefits of training and if trainings are designed to support 

them (e.g., by including design elements such as self-pacing) (Beier, 2021; Truxillo et al., 2015).  

Relatedly, employers often hold negative views of older workers as untrainable, 

uninterested in training, and not worth a training investment (Maurer et al., 2007). Additional 

research is needed to investigate how open workers in mid-skill occupations, and particularly 

those who are older, are to further education and training. However, these findings suggest that 

organizations that are considering retraining their workforce as a response to automation should 

be informed about harmful age-related stereotypes to ensure that older workers are encouraged 

and supported to retraining. This could entail distributing information about inaccurate 

stereotypes about older workers and hosting trainings, possibly coupled with bias training for 

managers and internal trainers. Retraining programs should likewise be designed to support older 

learners (Beier, 2021). 

We hypothesized that Shared Work/Industry jobs may be preferred because they are seen 

as more familiar (Montoya et al., 2017). However, Shared Skills jobs also displayed a good fit 

for drivers in terms of skills, values, and interests. Career planning services may need to be 

prepared to defend transition jobs that are in a different industry to displaced workers, if they 

may initially be opposed to them. For example, career services and workforce training 
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organizations may need to highlight fit in terms of values and interests when presenting 

occupations in a different industry. 

Moreover, identifying alternate occupations from O*NET data as we have described can 

also indicate exactly what KSAs displaced workers need to develop to transition into another job 

that will satisfy their values, interests, and lifestyle. This will be useful to inform policy by 

highlighting focal KSAs for training or reskilling programs. Reskilling programs may be 

especially important to support older displaced workers (such as truck drivers, Costello & 

Suarez, 2015) who may not feel as empowered to seek out further education themselves, 

compared to younger displaced workers (e.g., rideshare drivers, Hall & Krueger, 2018).  

Career service agencies and workers can replicate the searches that we outlined to 

identify potential transition occupations for workers who may be displaced due to technological 

advancements. Our studies generally suggest that, overall, displaced workers may be served best 

by identifying potential alternate occupations through both a Skills Search and Shared 

Work/Industry search.  

 There are some caveats to note for this research. First, we only focused on one 

occupation – truck driving. The process of identifying potential transition occupations through 

O*NET may be the same for other jobs. However, it is possible that workers displaced from 

other occupations could have different preferences for a transition occupation that would not 

align with objective similarity in KSAOs. Moreover, O*NET provides information about the 

important KSAOs for an average worker in an occupation. Organizations such as career 

counseling services will need to adapt their advice to workers based on the more specific KSAOs 

required for transition occupations as well as the degree of variability in the KSAOs held by the 

workers displaced from an occupation.  

Second, it is likely that automation will also replace some of the similar jobs identified as 

options for transition occupations. Future research can work to identify what jobs are likely to 

change or be replaced by technology, along with what new job openings there may be, and 

compare their KSAO requirements to the KSAOs held by displaced workers. For instance, 

additional policies and programs could target displaced workers for reskilling programs and 

further education to help meet demand for talent in other fields (Dufour, 2010; Hira, 2010).  

Further work is thus needed to build upon this research and understand how open mid-

skill workers are not only to reskilling, but also to transitioning into occupations that are likely to 

be less familiar to them. Along with new skills, retraining programs may need to incorporate 

criteria of worker reactions, such as openness towards alternate occupations, as training 

objectives. Further, it is unclear how displaced workers may fare in occupations that have a high 

demand for workers yet that do not satisfy their interests and values. Research suggests that 

workers are likely to have more negative work experiences and quit when their needs and 

preferences are not satisfied (Kristof-Brown & Guay, 2011). Worker openness could therefore be 

important to train, and work roles may need be designed and adapted to fulfill displaced workers’ 

needs, such as allowing greater autonomy to fulfill the desire for independence (Parker et al., 

2001).  

Likewise, there is a need for further research and policy recommendations regarding the 

role companies may take in relation to displaced workers. Technology is forecasted to result in 

job loss, but there is also evidence that organizations may alter their internal divisions of labor in 

response to technology by changing what jobs are seen as valuable within the organization 

(Hanley, 2014). Firms could assist displaced workers by identifying transition occupations and 

retraining them for open positions; doing so could increase worker commitment to the 
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organization (Bulut & Culha, 2010) and mitigate negative reactions to mass lay-offs from those 

who are not displaced (Brockner & Greenberg, 2015).  

Given the likely job-displacing impacts of automation on the trucking industry, useful 

tools to assist truck drivers transition into new occupations are needed. This research 

substantiates the effectiveness of a methodology that can be used across a range of jobs to 

identify viable options for career transitions.  
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Table 1 

Description of Occupational Characteristics for Determining Similarity between Occupations 

Characteristic Definition O*NET Examples for 

Truck Driving 

O*NET Examples for 

Childcare Workers  

Knowledge General, organized sets of 

facts  

English Language, 

Mechanical, 

Transportation 

Education and 

Training, Psychology, 

Customer and Personal 

Service  

Skills Developed capacities that 

aid in learning and gaining 

knowledge, or in job 

performance.  

Troubleshooting, Time 

Management, 

Monitoring 

Social Perceptiveness, 

Active Listening, 

Service Orientation  

Vocational 

Interests 

Preferences for different 

types of work 

environments, based on 

Holland’s (1997) 

hexagonal model.  

Support, Independence, 

Working Conditions 

Social, Artistic 

Values Aspects of work that can 

fulfill different needs 

important for job 

satisfaction, based on the 

Theory of Work 

Adjustment (Dawis & 

Lofquist, 1984). 

Realistic, Conventional Relationships, Support, 

Independence  

Note. Definitions are those used by O*NET (National Center for O*NET Development, n.d.).  
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Table 2 

KSAO Comparisons Between 30 Alternate Career Occupations and Truck Driving 

 

Occupation Job Zone Income Knowledge Skills Interests Values 

   S U S U S U S U 

Shared Skills Jobs           

1. Non-Destructive Testing Specialists 2 62,990 3 6 8 11 2 1 3 1 

2. First-Line Supervisors of Logging Workers  2 46,960 3 2 8 5 2 1 2 1 

3. Millwrights 2          

4. Manufactured Building and Mobile Home 

Installers 

2 55,060 2 3 8 15 2 1 3 1 

5. Rolling Machine Setters, Operators, and Tenders, 

Metal and Plastic 

2 40,490 

 

2 2 8 8 2 0 2 1 

6. Biomass Plant Technicians 2 58,390 2 3 8 7 2 1 2 1 

7. Chemical Equipment Operators and Tenders 2 49,130 3 9 8 7 1 0 2 1 

8. Cooling and Freezing Equipment Operators and 

Tenders 

2 35,290 

 

3 5 8 7 2 1 2 0 

9. Aerospace Engineering and Operations 

Technicians 

3 66,020 

 

3 7 8 11 2 1 3 2 

10. Electro-Mechanical Technicians 

 

3 58,350 2 3 8 12 2 1 3 1 

Shared Work/Industry Jobs           

1. First-Line Supervisors of Transportation and 

Material-Moving Machine and Vehicle Operators 

2 55,060 

 

4 5 5 14 0 1 3 3 

2. Conveyor Operators and Tenders 1 34,660 3 1 5 2 1 0 1 1 

3. Laborers and Freight, Stock, and Material 

Movers, Hand 

2 29,510 

 

0 0 0 0 1 0 1 1 

4. Cleaners of Vehicles and Equipment 2 25,800 1 0 1 1 1 0 0 0 

5. Refuse and Recyclable Material Collectors 2 37,840 4 0 4 2 1 0 1 1 

6. First-Line Supervisors of Helpers, Laborers, and 

Material Movers, Hand 

2 55,060 

 

5 7 5 12 1 0 3 3 

7. Automotive and Watercraft Service Attendants 2 25,200 2 6 4 7 1 0 1 0 

8. Automotive Glass Installers and Repairers 2 35,790 3 1 1 2 1 0 2 1 
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9. Electronic Equipment Installers and Repairers, 

Motor Vehicles 

3 37,380 

 

3 4 6 9 0 1 2 0 

10. Motorboat Mechanics and Service Technicians 

 

3 41,330 4 5 5 7 1 0 2 0 

Shared Skills and Work/Industry Jobs           

1. Locomotive Firers 2 60,260 4 0 6 3 2 0 1 0 

2. Motorboat Operators 2 50,290 5 2 6 10 2 1 2 1 

3. Transportation Vehicle, Equipment and Systems 

Inspectors, Except Aviation 

2 75,820 

 

4 0 6 2 2 1 1 0 

4. Wellhead Pumpers 2 55,040 1 1 6 4 2 0 1 1 

5. Automotive Specialty Technicians 3 42,090 3 4 6 9 1 0 2 1 

6. Air Traffic Controllers 3 122,990 4 5 6 12 1 1 3 2 

7. Rail-Track Laying and Maintenance Equipment 

Operators 

2 56,100 

 

3 3 6 6 1 0 1 0 

8. Locomotive Engineers 2 67,090 5 1 7 6 2 0 2 1 

9. Crane and Tower Operators 3 56,690 1 1 7 2 2 0 2 0 

10. Motorcycle Mechanics 3 37,600 3 2 6 8 1 0 3 1 

Note. Income=annual median income. S=the number of shared KSAOs between truck drivers and the transition occupation. U=the 

number of unshared KSAOs between truck drivers and the transition occupation (i.e., KSAOs deemed important for the transition 

occupation, but not for truck driving). The full list of shared and unshared KSAOs for all identified alternate occupations is 

available from the first author upon request. 



21 
 

Table 3 

Study 2 Alternate Potential Occupations Presented to Truck Drivers 

 

 Shared Skills 

Occupations 

Shared Work/Industry 

Occupations 

Shared Skills and 

Work/Industry 

Occupations 

Occupation 

with closest 

match to 

truck driving: 

Machine setters, 

operators, and tenders 

 

Description: 

Set up, operate, or tend 

more than one type of 

cutting or forming 

machine tool or robot, 

or plastic molding, 

casting, or coremaking 

machines to mold or 

cast metal or 

thermoplastic parts or 

products, or tend 

machines to saw, cut, 

shear, slit, punch, 

crimp, notch, bend, or 

straighten metal or 

plastic material, etc.  

Cargo and freight agents 

 

Description: 

Expedite and route 

movement of incoming 

and outgoing cargo and 

freight shipments in 

airline, train, and 

trucking terminals and 

shipping docks. Take 

orders from customers 

and arrange pickup of 

freight and cargo for 

delivery to loading 

platform. Prepare and 

examine bills of lading to 

determine shipping 

charges and tariffs. 

Bus and truck 

mechanics and diesel 

engine specialists 

 

Description: 

Diagnose, adjust, 

repair, or overhaul 

buses and trucks, or 

maintain and repair 

any type of diesel 

engines. Includes 

mechanics working 

primarily with 

automobile or marine 

diesel engines. 

 

Occupation 

selected as a 

farther fit to 

truck driving: 

Electrical and 

electronics repairers, 

commercial and 

industrial equipment 

 

Description:  

Repair, test, adjust, or 

install electronic 

equipment, such as 

industrial controls, 

transmitters, and 

antennas. 

Retail loss prevention 

specialists 

 

Description:  

Implement procedures 

and systems to prevent 

merchandise loss. 

Conduct audits and 

investigations of 

employee activity. May 

assist in developing 

policies, procedures, and 

systems for safeguarding 

assets. 

Excavating and loading 

machine and dragline 

operators 

 

Description:  

Operate or tend 

machinery at surface 

mining site, equipped 

with scoops, shovels, or 

buckets to excavate and 

load loose materials. 

 
 

 

 

 



22 
 

Figure 1 

Number of Shared and Unshared KSAOs Between Truck Driving and Example Alternate 

Occupations 

Number of Shared and Unshared KSAOs for Example Occupations Identified as Most 

Similar to Truck Driving 

  
 

Number of Shared and Unshared KSAOs for Example Occupations Identified as a Farther 

Fit to Truck Driving 

   

Number of Shared and Unshared KSAOs for Example Occupations Not Identified as a Good 

Fit to Truck Driving 
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Note. Shared KSAOs are those deemed important for both truck driving and the example 

occupation. Unshared KSAOs are deemed important for the alternate occupation, but not 

truck driving (e.g., indicating the number of knowledge topics/skills that drivers may need to 

learn or gain, or work preferences for vocational interests/values that they are less likely to 

have). 
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Figure 2 

Ratings in Study Variables for Jobs Closest and Farthest in KSAO similarity to Truck Driving 

 

Note. N=202. *p<.05. Job Appeal was rated on a 7-point scale and all other variables were 

rated on a 5-point scale. Error bars represent the standard error. 
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Figure 3 

Ratings in Study Variables Across Job Sets 

 

Note. N=202. *p<.05. Job Appeal was rated on a 7-point scale and all other variables were 

rated on a 5-point scale. Error bars represent the standard error. 
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Figure 3 

Ratings in Study Variables Across Job Sets 

 

Note. N=202. *p<.05. Job Appeal was rated on a 7-point scale and all other variables were 

rated on a 5-point scale. Error bars represent the standard error. 
 


