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Disclaimer
 
Working papers are intended to report exploratory results of research and analysis undertaken by the National Center for 
Science and Engineering Statistics (NCSES). Any opinions, findings, conclusions, or recommendations expressed in this 
working paper do not necessarily reflect the views of the National Science Foundation (NSF). This working paper has been 
released to inform interested parties of ongoing research or activities and to encourage further discussion of the topic 
and is not considered to contain official government statistics.

This research was completed while Dr. Fritz was on academic leave from the University of Nebraska–Lincoln and 
participating in the NCSES Research Ambassador Program (formerly the Data Analysis and Statistics Research Program) 
administered by the Oak Ridge Institute for Science and Education (ORISE) and Oak Ridge Associate Universities (ORAU). 
Any opinions, findings, conclusions, or recommendations expressed in this working paper are solely the author’s and do 
not necessarily reflect the views of NCSES, NSF, ORISE, or ORAU.
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Abstract
 
Person-centered approaches to data analysis can provide valuable information about the science and engineering 
workforce that cannot be obtained solely by using variable-centered approaches. The purpose of this working paper is to 
illustrate the use of a specific person-centered method (latent class analysis [LCA]) in a large, nationally representative 
data set (the 2017 Survey of Doctorate Recipients) to investigate the importance of and satisfaction with nine different job 
factors, including salary, benefits, and job security. The results of the analyses found that doctorate recipients belonged to 
one of five job-factor importance classes: (1) all nine job factors are very important; (2) all nine job factors are somewhat 
important; (3) a job’s benefits, salary, and security are more important than the job’s level of responsibility; (4) a job’s 
challenge and level of independence are more important than the job’s salary and benefits; and (5) a job’s opportunities 
for advancement are unimportant. A similar five classes were also found for self-reported satisfaction with each of the 
same nine job factors. Further analysis found several small, but potentially important, differences in the demographic 
composition of the importance and satisfaction classes. A congruence analysis showed that while the job factors rated 
as very important were often the same factors for which doctoral recipients reported the highest satisfaction, this 
relationship was far from perfect. In addition to discussing modeling assumptions, model selection, and the presentation 
and interpretation of model results, the paper highlights how the LCA results differ from variable-centered results and 
relate to existing job satisfaction theories.  
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Introduction
 

Background
Identifying differences between groups of individuals is an important aspect of fully documenting the current state of the 
U.S. science and engineering workforce (SEW). For example, the Women, Minorities, and Persons with Disabilities in 
Science and Engineering: 2021 special report (NCSES 2021) details differences in a number of SEW-related variables 
based on an individual’s self-reported gender, race and ethnicity, and physical disability status. Group differences are 
often tested using variable-centered approaches, such as analysis of variance (ANOVA) and multiple regression, that 
focus on describing the relationships between specific variables in a population. Variable-centered approaches provide 
substantial value when groups are based on manifest traits, especially traits that are unidimensional and remain stable 
across time such as the scientific field in which a degree was earned. When groups are based on latent or 
multidimensional traits that change over time such as attitudes or beliefs, however, person-centered approaches, which 
include latent class analysis (LCA) and latent transition analysis (LTA), provide advantages over variable-centered 
approaches. Specifically, because person-centered approaches focus on discovering and describing unobserved 
subpopulations of individuals with similar characteristics, they can be used to test for differences between groups defined 
by complex patterns of responses to large sets of variables and permit individuals to move between groups or for the 
groups themselves to change over time (Howard and Hoffman 2018). This allows for individuals to be considered 
holistically, multidimensionally, and longitudinally.

Despite the ability of person-centered approaches to supplement more traditional variable-centered approaches, these 
analyses remain underutilized to the point that some fields have explicitly called for wider adoption of person-centered 
methods. For example, in 2011, Organizational Research Methods published two articles on this topic, with the first noting 
the advantages of using person-centered approaches in organizational research in general (Lawrence and Zyphur 2011) 
and the second specifying three areas of organizational research where the use of person-centered approaches is 
especially needed (Wang and Hanges 2011). Given that not all researchers are familiar with person-centered methods and 
that those who are familiar may not have considered how these methods can be applied to SEW research, the purpose of 
the current working paper is to illustrate the use of person-centered methods—in this case, LCA—in the context of a large, 
nationally representative data set. Special attention is given to modeling assumptions, model selection, and the 
presentation and interpretation of model results.

Science and Engineering Workforce Example
The example selected to illustrate the use of person-centered techniques is motivated by a recent study by Ruiz Castro 
and colleagues that details the growing trend for early and mid-career science, technology, engineering, and mathematics 
(STEM) researchers to transition from academic careers to careers outside academia (Ruiz Castro, Van der Heijden, and 
Henderson 2020). Many reasons are given for these departures, including a decrease in academic job security due to a 
reduction in the number of tenure-track and tenured positions, a general decrease in public funding for universities, 
continuously increasing expectations for rapid publishing and research fundraising, and low salaries and benefits relative 
to nonacademic careers. For example, one survey found that STEM salaries in industry are 30% higher than in academia 
(Madhusoodanand 2014). As a result, nonacademic careers such as data science—the focus of the Ruiz Castro et al. 
(2020) study and the so-called “sexiest job of the 21st century” (Davenport and Patil 2012)—that do not have these 
challenges are increasingly being perceived as more sustainable than academic careers.

An increasing perception that academic careers are unsustainable is of interest to SEW researchers for several reasons. 
First, a PhD is usually a requirement for an academic position, but many nonacademic jobs do not require a PhD; one job 
website reported that only about 20% of users who listed their occupation as data scientist also listed a PhD on their 
resume (Lindner 2018). Some career consulting companies even recommend against getting a PhD unless the goal is an 
academic position. For example, the first result from a Google search of the query “Should I get a PhD?” on 22 November 
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2021 is an article that makes the argument that people should not get a PhD if their goal does not involve becoming a 
university professor (Terry 2019). With some estimates of the current dropout rate for STEM doctoral programs at over 
30% (Bostwick and Weinberg 2018), an increased perception that nonacademic careers that do not require PhDs are more 
sustainable may lead to even more students who leave their PhD program having completed all requirements except the 
dissertation (i.e., ABD) or who do not enter a doctoral program at all. Second, one of the primary benefits of earning a PhD 
is an increased salary; the U.S. Bureau of Labor Statistics (BLS) reports that doctoral degree holders have the second 
highest median salaries and the lowest unemployment rate by educational attainment (BLS 2021). The American 
Association of University Professors (AAUP) notes, however, that faculty salaries have “barely outpaced inflation” from 
2009 through 2020 (AAUP 2020:4) and that the 2020 data were collected before the impact of the COVID-19 pandemic, 
which may cause some academic institutions to reduce faculty pay and cut academic positions and programs (Flaherty 
2020). This may also increase the number of people transitioning to nonacademic careers. Third, university-industry 
collaborations (UICs) are often cited as a major source of innovation with regard to the development, use, and adaptation 
of technology; delivery of products and services; administrative and organizational activities; conceptual strategies and 
objectives; and systematic interaction with other organizations and knowledge bases (Kaloudis et al. 2019). UICs are 
mutually beneficial because they bring funding to universities in the form of support for students, faculty, and 
infrastructure projects; see, for example, Boeing’s recent $50 million commitment to the Virginia Polytechnic Institute and 
State University Innovation Campus (Anderson 2021). But UICs depend on universities having academic researchers to 
participate in these partnerships.

An obvious place to start investigating what motivates individuals to transition from an academic to a nonacademic 
career is to look at their level of satisfaction with different factors of their current job and how that satisfaction relates to 
the relative importance that they give to each of these job factors. There is a substantial body of work on the 
measurement of job satisfaction and other job attitudes (cf., Dalal and Crede 2013) and on predictors of job satisfaction 
(e.g., Hoff et al. 2020; Seligman 2012), but studies that have used large, nationally representative samples (e.g., Sabharwal 
and Corley 2009) have almost exclusively relied on variable-centered approaches. Given that attitudes, beliefs, and 
intentions are inherently multidimensional; that individuals can hold multiple beliefs simultaneously, including beliefs that 
are contradictory; and that attitudes and beliefs often change over time, however, the use of solely variable-centered 
approaches to study job satisfaction is problematic (Howard and Hoffman 2018). Specifically, while individuals can have 
varying levels of satisfaction with different job factors in their current job and the impact of satisfaction with a specific job 
factor or set of factors on overall job satisfaction can differ between individuals, variable-centered approaches can only 
consider each job factor individually or collectively as an overall job satisfaction score. In contrast, LCA, a person-centered 
approach, can be used to analyze the patterns of importance of and satisfaction with the different job factors and create 
groups (i.e., latent classes) of individuals based on those potentially complex patterns, which allows for all job factors to 
be considered individually and simultaneously. Differences in latent class membership can then be explored based on 
demographics (e.g., gender) and a congruence analysis can be used to determine how job importance class membership 
relates to job satisfaction class membership.
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Methods
 

Data
The data for the current working paper come from the public use micro data files for the 2017 cycle of the Survey of 
Doctorate Recipients (SDR) (NCSES 2019). The SDR captures employment and demographic information from individuals 
with doctoral research degrees in a science, engineering, or health (SEH) field from a U.S. academic institution. As 
described in the supporting documentation for the public use files—specifically, the survey description document—to 
participate in the 2017 SDR cycle individuals must have completed a U.S. SEH doctorate prior to 1 July 2015, be less than 
76 years of age as of 1 February 2017, and not be institutionalized or terminally ill on 1 February 2017. Approximately 
1,103,200 individuals met these criteria, from which a sample of 124,580 was taken using a stratified sample design 
where the strata represented fields of study. The 2017 sample included all individuals selected for the 2015 SDR cycle 
who remained eligible and was supplemented by new graduates. The 2017 administration of the SDR utilized three 
modalities: self-administered paper questionnaire, self-administered online questionnaire, and computer-assisted 
telephone interview. The response rate was 70%, resulting in a final sample size of 85,739. Sampling weights were created 
to take into account the stratified sampling design as well as to adjust for unknown eligibility, nonresponse, gender, race 
and ethnicity, degree year, and degree field. Both logical and statistical (hot-deck) imputation were used on the final data 
set. Replication weights to improve estimation of standard errors were also created, but these are unavailable in the public 
use micro data file—and, therefore, are not used in this paper.

Participants
Participants who reported that they had never worked (n = 19) were excluded from all analyses in this paper because they 
were asked to skip the job importance and job satisfaction survey questions resulting in a final sample size of 85,720. The 
majority of the final sample identified as male (n = 50,409, or 58.8%), White (n = 53,685, or 62.6%), as not having a physical 
disability (n = 77,191, or 90.0%), and employed as of 1 February 2017 (n = 74,429, or 86.8%). For those who did report 
being employed, approximately half (n = 36,677, or 49.3%) worked for an educational institution. The observed sample and 
SDR sampling-weight corrected population frequencies based on the sample used for the current paper for gender, 
physical disability, race and ethnicity, age (in 10-year increments), years since award of highest degree (in 10-year 
increments), degree area, workforce status, employment sector, and whether they were residing in the United States on 1 
February 2017 are shown in Table 1.

TABLE 1

Survey of Doctorate Recipients participant characteristics: 2017
(Number and percent)

Characteristic

Sample Population

Frequency % Frequency %

Gender        
Male 50,409 58.8 730,933 66.3
Female 35,311 41.2 371,897 33.7

Physical disability        
No 77,191 90.0 991,362 89.9
Yes 8,529 10.0 111,468 10.1

Race or ethnicity        
Asian 18,259 21.3 282,390 25.6
Black 4,695 5.5 37,176 3.4
Hispanic 7,142 8.3 53,334 4.8
White 53,685 62.6 713,598 64.7
Other 1,939 2.3 16,331 1.5
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TABLE 1

Survey of Doctorate Recipients participant characteristics: 2017
(Number and percent)

Characteristic

Sample Population

Frequency % Frequency %

Age        
Under 30 858 1.0 8,891 0.8
30–39 21,694 25.3 233,737 21.2
40–49 20,750 24.2 259,631 23.5
50–59 18,553 21.6 250,586 22.7
60–69 16,421 19.2 234,986 21.3
Over 70 7,444 8.7 114,999 10.4

Years since first PhD        
< 7 (2010 or later) 21,416 25.0 211,430 19.2
8–17 (2000–09) 24,337 28.4 303,699 27.5
18–27 (1990–99) 18,708 21.8 264,757 24.0
28–37 (1980–89) 12,314 14.4 183,607 16.6
38–47 (1970–79) 8,203 9.6 128,039 11.6
> 47 (prior to 1970) 742 0.9 11,297 1.0

Degree focus        
Science 66,494 77.6 832,477 75.5
Engineering 15,032 17.5 221,447 20.1
Health 4,194 4.9 48,906 4.4

Living in the United States        
No 11,475 13.4 135,697 12.3
Yes 74,245 86.6 967,133 87.7

Workforce status        
Employed 74,429 86.8 938,248 85.1
Unemployed 1,511 1.8 18,989 1.7
Not in the workforce 9,780 11.4 145,593 13.2

Employment sector        
Education 36,677 49.3 428,638 45.7
Government 8,184 11.0 88,253 9.4
Business and industry 29,568 39.7 421,357 44.9

Note(s):
The population values presented here are provided for reference only because they are based on applying the sampling weights to the reduced 
sample used for the current project (n = 85,720) and therefore do not match the official values reported by the National Center for Science and 
Engineering Statistics. All participants who identified as Hispanic were included in the Hispanic category, and only in the Hispanic category, 
regardless of whether they also identified with one or more of the racial categories. The Other category included individuals who identified as 
multiracial.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

Survey Questions
To determine the relative importance of different job factors for each participant the question “C6. When thinking about a 
job, how important is each of the following factors to you?” was used. Participants were asked to rate nine different job 
factors, including salary, job security, and opportunity for advancement, on a 4-point scale from “very important” to “not 
important at all.” A complete list of the nine job factors and the population estimated proportion of individuals who 
selected each response category based on the sample used for the current paper are shown in Table 2. To capture 
satisfaction with their current job, participants who reported being employed on 1 February 2017 were asked: “A34. 
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Thinking about your principal job held during the week of February 1, please rate your satisfactions with that job’s….” This 
job satisfaction question asked about the same nine job factors as the job importance question and used a similar 4-point 
response scale. Population estimated response proportions by response category for this question based on the sample 
used for the current paper are also shown in Table 2.

TABLE 2

Population estimates of response proportions for importance of and satisfaction with nine job-related factors: 2017
(Percent)

Items Response

Job importance Very important Somewhat important Somewhat unimportant Not important at all
Salary 52.4 43.3 3.0 1.3
Benefits 56.5 36.0 4.3 3.1
Job security 55.5 34.9 6.3 3.4
Job location 56.9 37.4 4.5 1.2
Opportunities for advancement 42.3 42.6 10.1 5.0
Intellectual challenge 74.4 23.5 1.6 0.5
Level of responsibility 45.6 45.7 7.2 1.5
Degree of independence 68.8 28.3 2.3 0.6
Contribution to society 58.6 35.5 4.7 1.2

Job satisfaction Very satisfied Somewhat satisfied Somewhat dissatisfied Very dissatisfied
Salary 32.7 47.8 14.1 5.4
Benefits 42.7 41.3 10.5 5.5
Job security 48.9 34.8 10.9 5.4
Job location 55.7 32.1 9.6 2.6
Opportunities for advancement 27.3 44.2 20.6 7.9
Intellectual challenge 53.3 34.8 9.2 2.6
Level of responsibility 51.7 38.7 7.9 1.7
Degree of independence 64.2 28.4 5.7 1.7
Contribution to society 55.0 36.5 6.8 1.7

Note(s):
The values presented here are provided for reference only because they are based on applying the sampling weights to the reduced sample used for 
the current project (n = 85,720) and therefore do not match the official values reported by the National Center for Science and Engineering Statistics. 
Rows may not sum to 100% due to rounding.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

Analyses and Software

Latent Class Analyses

The primary form of analysis used in the current paper is LCA. Note that for the LCA part of this working paper, job 
satisfaction and job importance were modeled separately. Collins and Lanza (2010) give the LCA mathematical model as

 

(1)
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where C is the number of latent classes, J is the number of indicators (here, the indicators are the job factors, so J = 9), Rj 

is the number of possible responses for indicator j (here, there are 4 response options for each job factor, so Rj = 4), γc is 
the prevalence of a specific latent class c (i.e., the percentage of participants estimated to belong to class c), ρj,rj|c is the 
probability of a participant giving response r to indicator j, given membership in class c (e.g., the probability that a 
participant in Class 1 rated “salary” as “very important”), and I(yj = rj) is a function that is equal to 1 when a participant’s 
observed response to indicator j, yj, is rj and 0 when the response is something other than rj (e.g., if j = “salary” and rj = 
“very important,” then I = 1 when a participant rates “salary” as “very important,” but I = 0 when a participant rates “salary” 
as “somewhat important,” “somewhat unimportant,” or “not important at all”).

Even when the number of latent classes is hypothesized ex ante based on theory, multiple LCA models with differing 
values of C are typically estimated and then compared to determine the correct number of latent classes to retain based 
on several measures of model fit. Statistical measures of model fit include the Akaike Information Criterion (AIC), the 
Bayesian Information Criterion (BIC), the sample-size adjusted BIC (aBIC), and the likelihood-ratio statistic G2, which is 
distributed as χ2 with (W - P - 1) degrees of freedom, where W is the total number of possible response patterns across the 
J indicators and P is the number of parameters in the model. Note that lower values of the AIC, BIC, aBIC, and G2 indicate 
better model fit. Since the statistical significance of G2 is directly related to W and sample size, and χ2 difference tests of 
nested models using G2 are unidentified for LCA models (Collins and Lanza 2010), Nylund, Asparouhov, and Muthen 
(2007) and others recommend the use of a parametric bootstrap likelihood ratio test (BLRT) to test for model fit. The 
BLRT has not been generalized to models with indicators that have more than two response options or models using 
sampling weights (Dziak and Lanza 2016), however, so the BLRT cannot be used here.

Instead, the correct number of classes to retain will be based on four criteria: an aBIC scree plot, solution stability, model 
entropy, and interpretability of the latent classes (Foti et al. 2012). First, LCA models with differing numbers of latent 
classes C will be fitted, and the aBIC values for each model will be plotted against the number of classes to create a scree 
plot. Then, ideally, an “elbow” that indicates the point at which additional model complexity (i.e., additional classes) has a 
diminishing effect on the overall model fit will be identified with the number of classes associated with that elbow being 
the “best” number of classes to retain. Second, LCA models are sensitive to local maxima (Lanza et al. 2015), so the 
stability of the solution for each LCA model will be inspected by fitting each model a large number of times (i.e., 1,000) 
with random starting values. The percentage of these random starts that result in the same best-fitting model for a 
specific value of C based on the aBIC values will then be calculated. While there is not a specific cutoff below which a 
model is considered unstable, a model with a low stability value compared to other models may indicate that a different 
model (i.e., a different value of C) should be preferred.

Third, entropy will be examined. Entropy is a summary measure of the quality of latent class assignment based on the 
model probabilities that can take values from 0 to 1, with higher values indicating more accurate classification. While 
entropy can be informative, it is important to note that there is an ongoing debate as to whether entropy should be used 
for model selection as individuals can maintain high class assignment uncertainty even when the entropy is near 1 
(Collins and Lanza 2010). Finally, and perhaps most importantly, the interpretation of the retained classes will be 
examined. An interpretable solution is essential in LCA and at times outweighs statistical measures of model fit in final 
model selection. Collins and Lanza (2010) state that interpretability is based on simple structure, class separation, within- 
class homogeneity, and relation to theory. Simple structure is the idea that the most interpretable solution is one in which 
the values of ρj,rj|c vary between classes, indicators, and response options, with most values being close to 0 or 1 
(Tatsuoka 1988). Class separation relates to the idea that in an interpretable solution the classes should be distinct from 
one another such that each class’s pattern of ρj,rj|c is unique to that class. Within-class homogeneity means that a solution 
is most interpretable when the variability in observed response patterns between members of the same class are 
minimized (i.e., members of the same class are more alike than members of different classes). Lastly, a solution is most 
interpretable when the classes can be related to the original theory and variables—classes that cannot be interpreted in 
this context may indicate over- or under-extraction of classes.
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Modeling Participant Characteristics

Once an optimal number of latent classes has been determined, the relationship of additional variables, such as 
demographic variables, to latent class membership can be investigated. There are three ways to model these 
relationships. First, if the additional variable is categorical, then the LCA can be run as a multiple-group model where the 
class prevalences γc|v and response probabilities ρj,rj|c,v are computed for each group v of the categorical variable V (i.e., 
conditional on V = v), such that

(2)

Second, continuous and categorical variables X can be added to the LCA model using a standard baseline-category 
multinomial logistic regression model with latent class as the outcome variable to statistically test whether individual 
variables can predict class membership, such that

(3)

Finally, the additional variables can be treated as distal outcomes to determine whether participants’ class membership 
predicts their score on the outcome variable. In principle, this can be achieved by regressing the distal outcome variable 
on class membership using the appropriate model (e.g., Poisson for count outcomes). Given that the classes are latent 
instead of observed, however, individuals must be assigned to classes based on the predicted class membership 
probabilities from the LCA model in Equation 1 (i.e., individuals’ probability of belonging to class c based on their observed 
responses to the J indicators), which can cause classification errors to occur. Dziak and colleagues (Dziak et al. 2016), 
among others, recommend the use of the Bolck, Croon, and Hagenaars (BCH) classification error correction (Bolck et al. 
2004), which uses the joint probability distribution of the distal outcome Y and the assigned class variable W, such that

(4)

which takes into account the possibility that W ≠ C. In keeping with the congruence analysis (described in the next 
section), which investigates whether job importance class membership predicts job satisfaction class membership and 
vice versa, the decision was made to use the distal outcomes approach to investigate the relationship between class 
membership and participant characteristics. The variables investigated were gender, physical disability, race and ethnicity, 
age, years since first PhD, degree focus, workforce status, employment sector, and whether the participant was residing in 
the United States.
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Congruence Analysis

To determine how job importance class membership relates to job satisfaction class membership, a congruence analysis 
was conducted. The simplest form of congruence analysis is to assign individuals to a specific job importance class and 
a specific job satisfaction class based on their model-estimated class membership probabilities and then compute the 
resulting contingency table, which contains the joint probability of being in a specific job importance class and a specific 
job satisfaction class. There are two problems with this approach, however. First, assigning individuals to classes adds 
error variability, given that class assignment is based on a probability. Second, as noted by Foti et al. (2012), we are more 
interested in the conditional probabilities than the joint probabilities. That is, given that someone is in a specific job 
importance class, what is the probability that they are in a specific job satisfaction class (and vice versa)? The simplest 
way to conceptualize this is within the context of an LTA model, where job satisfaction and job importance are treated as 
repeated measurements of the same construct and the conditional probabilities are equivalent to the transition 
probabilities. Collins and Lanza (2010) give the LTA model with two times points as

(5)

where t represents time, δs1 is the probability of membership in class s at t = 1 (note that LTA models historically use the 
term status instead of class—hence, the use of s in the equation—but class will be used here for consistency), and τs2|s1 is 
the probability of individuals being in a specific class at t = 2, given their status at t = 1 (i.e., the conditional probability).

Software

All analyses were conducted using SAS 9.4 (SAS 2021). The sample frequencies were computed using PROC FREQ, while 
the population corrected frequencies were computed using PROC SURVEYFREQ with the WEIGHT option. The LCA models 
were estimated using PROC LCA (Lanza et al. 2015) with 1,000 random starts (NSTARTS 1000). Potential boundary issues 
for the indicator-response probabilities (i.e., ρj,rj|c values equal to 0 or 1) were stabilized by using a data-driven prior (RHO 
PRIOR=1), the SDR sampling weights were used (WEIGHT), and parallel-core processing was utilized (CORE). The distal 
outcome models were estimated using the LCA_Distal_BCH SAS macro (Dziak, Bray, and Wagner 2017) for dichotomous 
(METRIC = BINARY) and polytomous (METRIC = CATEGORICAL) outcomes using BCH adjustment 
(ADJUSTMENT_METHOD = BCH), modal class assignment (ASSIGNMENT = MODAL), and the SDR sample weights 
(SAMPLING_WEIGHT). The LTA models were estimated with PROC LTA (Lanza et al. 2015) using the data-driven prior and 
parallel-processing options. The use of sampling weights has not been implemented in PROC LTA, so the sample weights 
were not used for the congruence analysis models. In addition, PROC LTA does not support the use of multiple random 
starts at this time, so a SAS macro was written to run each of the congruence LTA models 1,000 times with random 
starting values and then collate the aBIC values to compute stability.
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Results
 

Latent Classes: Job Importance
When determining the correct number of job importance classes, it is important to compare LCA models with a wide 
range of values for the latent classes, C. Given that LCAs with social science variables often find between two and five 
latent classes—for example, Foti and colleagues’ (2012) investigation of leadership characteristics found four latent types 
—the decision was made to run all LCA models with between one and eight latent classes. All models converged normally; 
the aBIC, percentage decrease in aBIC between models with C + 1 and C classes, entropy, and stability values for these 
models are shown in Table 3, and the aBIC scree plot is shown in Figure 1. While the scree plot does not have a 
pronounced elbow, the percentage decrease in aBIC due to the inclusion of additional classes is 18.8% when adding a 
fifth class but drops to under 10% when six or more classes are included. In addition, the stability for the five-class model 
is much higher than for the four-class model, while the entropy is approximately the same, all of which supports retaining 
five classes.

TABLE 3

Model fit indices for job importance latent class analysis models: 2017
(Number and percent)

Number of classes aBIC % decrease in aBIC Entropy % stability

1 251,123.12 na 1.00 100.0
2 169,609.31 32.5 0.70 100.0
3 125,393.80 26.1 0.75 53.9
4 93,411.35 25.5 0.80 59.3
5 75,821.29 18.8 0.79 100.0
6 68,315.29 9.9 0.79 100.0
7 62,767.00 8.1 0.79 92.5
8 59,180.94 5.7 0.80 5.9

na = not applicable.

aBIC = adjusted Bayesian Information Criterion.

Note(s):
Stability is based on 1,000 random starts.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.
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FIGURE 1

Adjusted Bayesian Information Criterion (aBIC) for job importance latent class analysis models with four response options: 2017

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

Table 4 contains the prevalences (i.e., percentage of the population in each class) and the response probabilities (i.e., the 
ρj,rj|c values) for the five-class, four-response model. Applying the concept of salient loadings from exploratory factor 
analysis, where a minimum value is selected and only estimates larger than that value are considered large enough to be 
important (Gorsuch 1983), a value of 0.50 was selected as a minimum salient value because that would mean a class 
member would have a greater than 50% probability of endorsing that response option for that job factor. Based on a 
salient value of 0.50, the classes are well defined with regard to simple structure (i.e., most job factors have a large 
probability for one response option, with the rest of the response probabilities for that factor being close to 0) and class 
separation (i.e., the pattern of large and small response probabilities is unique for each class). In addition, although Class 
5’s prevalence is relatively small, it is still larger than the 5% rule of thumb recommended by some researchers for 
deciding whether a class is large enough to retain (Nasserinejad et al. 2017). To determine whether the five-class model 
retains too few classes (i.e., under-extraction), the six-class solution was investigated. The six-class solution recovered all 
five classes found in the five-class solution but added a small sixth class with moderate-to-small probabilities for all 
response options for all job factors. Classes with very few or no large response probabilities are often called junk classes 
because they are difficult to distinguish from other classes and are a sign of retaining too many classes (i.e., over- 
extraction). To determine whether the five-class solution retains too many classes, the four-class solution was also 
investigated. The four-class solution retained Classes 1, 2, 3, and 5 from the five-class solution, giving further support to 
the decision to retain Class 5 despite its small size. While Class 4, which is present in the five-class solution but not the 
four-class solution, may not seem that dissimilar to Class 1, retaining Class 4 serves two important purposes. First, while 
Class 4 members rate all nine job factors as equally important (like Class 1 members), they are much less likely to 
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endorse the extreme end of the scale. Second, the inclusion of Class 4 generally improves the simple structure for the 
other classes such that large probabilities are closer to 1 and small probabilities are closer to 0 when Class 4 is retained, 
meaning that Class 4 is also operating as a residual class that explains variability not captured by the other classes and 
improves model fit.

TABLE 4

Five-class job importance latent class analysis solution with four response options: 2017
(Percent and probability)

Class (prevalence)

Response

Very important Somewhat important Somewhat unimportant Not important at all

Class 1 (27.7%)        
Salary 0.877 0.122 0.001 0.001
Benefits 0.960 0.033 0.004 0.003
Security 0.887 0.102 0.008 0.003
Location 0.756 0.222 0.019 0.003
Opportunities 0.796 0.176 0.019 0.009
Challenge 0.992 0.008 0.000 0.000
Responsibility 0.885 0.111 0.003 0.001
Independence 0.959 0.040 0.001 0.000
Contribution 0.864 0.121 0.011 0.004

Class 2 (26.7%)        
Salary 0.168 0.794 0.037 0.001
Benefits 0.184 0.753 0.057 0.006
Security 0.317 0.582 0.095 0.006
Location 0.496 0.447 0.051 0.006
Opportunities 0.386 0.498 0.098 0.019
Challenge 0.959 0.041 0.001 0.000
Responsibility 0.613 0.367 0.018 0.002
Independence 0.869 0.129 0.002 0.000
Contribution 0.727 0.251 0.019 0.002

Class 3 (26.0%)        
Salary 0.802 0.195 0.003 0.000
Benefits 0.907 0.088 0.003 0.002
Security 0.749 0.230 0.020 0.002
Location 0.546 0.407 0.044 0.002
Opportunities 0.326 0.564 0.095 0.016
Challenge 0.507 0.459 0.032 0.002
Responsibility 0.111 0.757 0.124 0.008
Independence 0.459 0.498 0.041 0.002
Contribution 0.342 0.558 0.084 0.015

Class 4 (13.9%)        
Salary 0.118 0.841 0.040 0.000
Benefits 0.070 0.850 0.077 0.003
Security 0.184 0.702 0.108 0.007
Location 0.388 0.538 0.071 0.003
Opportunities 0.091 0.672 0.222 0.016
Challenge 0.324 0.640 0.036 0.000
Responsibility 0.015 0.811 0.170 0.004
Independence 0.261 0.678 0.060 0.001
Contribution 0.222 0.673 0.099 0.005

Class 5 (5.8%)        
Salary 0.203 0.348 0.233 0.216
Benefits 0.096 0.154 0.267 0.483
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TABLE 4

Five-class job importance latent class analysis solution with four response options: 2017
(Percent and probability)

Class (prevalence)

Response

Very important Somewhat important Somewhat unimportant Not important at all

Security 0.080 0.137 0.261 0.522
Location 0.547 0.219 0.085 0.148
Opportunities 0.045 0.084 0.242 0.629
Challenge 0.646 0.232 0.039 0.084
Responsibility 0.297 0.319 0.183 0.200
Independence 0.611 0.250 0.056 0.084
Contribution 0.573 0.268 0.061 0.098

Note(s):
Rows may not sum to 1.000 due to rounding. Response probabilities greater than 0.500 are considered salient and are represented in bold.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

One issue of concern with the five-class, four-response model in Table 4, however, is that the largest response probability 
for the “somewhat unimportant” option is 0.267, which indicates that this response option does not help distinguish the 
classes because none of its probabilities reach the level of salience (i.e., 0.50). In addition, the four largest response 
probabilities for “somewhat unimportant” are for Class 5. Because Class 5 is distinguished from the other classes more 
by its members responding that advancement, security, and benefits are unimportant instead of degree of unimportance, 
Class 5 would likely be better captured by having a single “unimportant” response category. This is exactly what was 
found when the “somewhat unimportant” and “not important at all” response options were collapsed into a single 
“unimportant” response category and the five-class model was rerun with only three response options. The three- 
response, five-class LCA model solution (aBIC = 47,380.57, entropy = 0.78, stability = 93.3%) shown in Table 5 recovered 
the same classes as the four-option model, except Class 5 is now better defined with three response probabilities greater 
than 0.50 in the “unimportant” category. In addition, while the prevalences for Classes 1–3 are almost identical, the 
prevalence for Class 5 has increased while the prevalence for Class 4 has decreased, which indicates the three-response 
model is better able to assign individuals to Class 5, leaving fewer individuals to end up in the residual class. Note that 
probabilities larger than 0.50 in Table 5 are bolded, and probabilities that are more than twice as large as the next-largest 
response probability for that job factor (i.e., in a row) are highlighted in blue. Figure 2 presents these probabilities 
graphically to highlight class differences (Layland 2020).

TABLE 5

Five-class job importance latent class analysis solution with three response options: 2017
(Percent and probability)

Class (prevalence)

Response

Very important Somewhat important Unimportant

Class 1 (27.6%): Everything Is Very Important
Salary 0.879 0.118 0.003
Benefits 0.960 0.031 0.009
Security 0.886 0.101 0.013
Location 0.756 0.221 0.023
Opportunities 0.795 0.175 0.031
Challenge 0.992 0.008 0.000
Responsibility 0.885 0.111 0.004
Independence 0.959 0.040 0.001
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TABLE 5

Five-class job importance latent class analysis solution with three response options: 2017
(Percent and probability)

Class (prevalence)

Response

Very important Somewhat important Unimportant

Contribution 0.864 0.120 0.015
Class 2 (25.8%): Challenge and Independence Are More Important than Salary and Benefits

Salary 0.169 0.806 0.024
Benefits 0.194 0.767 0.039
Security 0.331 0.594 0.075
Location 0.495 0.454 0.051
Opportunities 0.396 0.509 0.095
Challenge 0.959 0.040 0.000
Responsibility 0.613 0.371 0.016
Independence 0.868 0.130 0.002
Contribution 0.728 0.254 0.018

Class 3 (25.8%): Benefits and Salary Are More Important than Responsibility
Salary 0.805 0.192 0.003
Benefits 0.908 0.087 0.006
Security 0.752 0.228 0.020
Location 0.547 0.407 0.047
Opportunities 0.326 0.563 0.112
Challenge 0.504 0.462 0.034
Responsibility 0.109 0.756 0.135
Independence 0.456 0.499 0.045
Contribution 0.340 0.558 0.102

Class 4 (12.1%): Everything Is Somewhat Important
Salary 0.113 0.874 0.013
Benefits 0.067 0.898 0.035
Security 0.191 0.744 0.065
Location 0.373 0.565 0.063
Opportunities 0.095 0.730 0.175
Challenge 0.302 0.676 0.022
Responsibility 0.010 0.852 0.138
Independence 0.239 0.713 0.047
Contribution 0.202 0.713 0.085

Class 5 (8.7%): Advancement, Security, and Benefits Are Unimportant
Salary 0.183 0.430 0.387
Benefits 0.092 0.263 0.646
Security 0.084 0.218 0.698
Location 0.529 0.261 0.210
Opportunities 0.067 0.149 0.783
Challenge 0.646 0.247 0.108
Responsibility 0.281 0.369 0.350
Independence 0.603 0.275 0.123
Contribution 0.542 0.296 0.162

Note(s):
Rows may not sum to 1.000 due to rounding. Response probabilities greater than 0.500 are considered salient and are represented in bold. 
Response probabilities more than twice as large as the next-largest probability in a row are highlighted in blue.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.
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FIGURE 2

Five-class job importance latent class analysis solution with three response options: 2017

Note(s):
Class 1: Everything Is Very Important, Class 2: Challenge/Independence over Salary/Benefits, Class 3: Salary/Benefits over Responsibility, Class 4: 
Everything Is Somewhat Important, Class 5: Advancement/Security Are Unimportant.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

The five-class, three-response model can now be interpreted with regard to the original job factors. Members of the 
largest class (Class 1: 27.6%) have a very high probability of responding “very important” to all nine job factors. While 
members of this Everything Is Very Important class generally rate all nine job factors as very important, not all factors are 
equally important; some factors (such as challenge and benefits) are more likely to be rated as very important than other 
factors (such as location). It should be noted that it is possible that this class also contains some percentage of rapid 
responders (Wise 2017) who simply selected “very important” for every job factor without actually taking the time to read 
and evaluate each factor individually. The issue of rapid responding is also a possibility with the Everything Is Somewhat 
Important class (Class 4: 12.1%), whose members are also likely to rate each of the nine job factors as important but are 
differentiated from members of Class 1 by being less likely to rate any of the factors as “very important.” As stated before, 
Class 4 also serves as a residual class that explains variability in the model while improving the separation of the other 
classes.
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The second-largest class (Class 2: 25.8%) could be called the Challenge and Independence Are More Important than Salary 
and Benefits class (or, perhaps, the Intangibles over Tangibles class) because while members generally rate all of nine job 
factors as important, they rate intellectual challenge, degree of independence, and ability to make a contribution to society 
as more important than a job’s salary or benefits. The Benefits and Salary Are More Important than Responsibility class 
(Class 3: 25.8%) is almost the reverse of Class 2. While Class 3 is approximately the same size as Class 2 and its 
members generally rate all nine job factors as important, Class 3 members are much more likely to rate a job’s salary, 
benefits, and security as more important than the other factors, especially level of responsibility, resulting in a Tangibles 
over Intangibles class.

In many ways, despite being the smallest class (Class 5: 8.7%), the Advancement, Security, and Benefits Are Unimportant 
class is the most interesting. Members of Class 5 are still likely to rate most of a job’s factors as important, but they are 
the only individuals who have a high probability of rating any factors (especially opportunities for advancement) as 
unimportant. Given that members of Class 5 are also likely to rate opportunities for advancement and job security as 
unimportant, perhaps a tongue-in-cheek name for this class would be the It’s a Job, Not a Career class. Regardless, this 
willingness to rate job factors as unimportant distinguishes them from the rest of the population.

Latent Classes: Job Satisfaction
As with the job importance ratings, all LCA models with between one and eight latent classes were estimated for the job 
satisfaction ratings. All models converged normally; the aBIC, percentage decrease in aBIC between the models with C + 1 
and C classes, entropy, and stability values for these models are shown in Table 6, and the aBIC scree plot is shown in 
Figure 3. Similar to the job importance scree plot, the scree plot for the job satisfaction variables does not have a distinct 
elbow.

TABLE 6

Model fit indices for job satisfaction latent class analysis models: 2017
(Number and percent)

Number of classes aBIC % decrease in aBIC Entropy % stability

1 284,723.38 na 1.00 100.0
2 156,332.10 45.1 0.83 100.0
3 127,433.84 18.5 0.81 100.0
4 110,519.21 13.3 0.76 89.1
5 101,000.73 8.6 0.75 60.8
6 94,821.93 6.1 0.74 52.8
7 89,434.25 5.7 0.74 86.8
8 86,985.42 2.7 0.73 54.5

na = not applicable.

aBIC = adjusted Bayesian Information Criterion.

Note(s):
Stability is based on 1,000 random starts.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.
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FIGURE 3

Adjusted Bayesian Information Criterion (aBIC) for job satisfaction latent class analysis models with four response options: 2017

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

The aBIC values indicate that the improvement in model fit gained by adding additional classes above four drops below 
10%. Given the five-class solution retained for job importance, however, the four-, five-, and six-class, four-response 
solutions were examined for interpretability. This review of the solutions revealed a striking similarity with the LCA models 
fit to the job importance ratings. Specifically, the five-class job satisfaction solution has a class that was very satisfied 
with everything, a class that was somewhat satisfied with everything, a class that was very satisfied with benefits but only 
somewhat satisfied with responsibility, a class that was very satisfied with independence and somewhat satisfied with 
salary, and a class with members that were generally dissatisfied with their advancement. The four-class solution retained 
all of the classes from the five-class solution except the class that was somewhat satisfied with everything, again 
indicating that this class serves at least in part as a residual class that improves model fit in the five-class solution. The 
six-class solution again contained all of the classes from the five-class solution as well as an additional junk class with 
small-to-medium response probabilities for all job factors.

In looking at the five-class, four-response solution it was determined that, as with the job importance five-class model, 
what distinguished the members of the class that was dissatisfied with advancement was less their level of 
dissatisfaction and more the fact that they were dissatisfied at all. Hence, the “somewhat dissatisfied” and “very 
dissatisfied” response options were combined into a single “dissatisfied” response category, and the model was rerun. 
The prevalences and the response probabilities for this three-response, five-class model (aBIC = 48,114.48, entropy = 0.74, 
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stability = 79.0%) are shown in Table 7. It is worth noting that the stability of the five-class model increased from 60.8% for 
four response options to 79.0% when three response options are used. Probabilities larger than 0.50 in Table 7 are bolded, 
and probabilities that are more than twice as large as the next-largest response probability for that job factor (i.e., in a 
row) are highlighted in blue; Figure 4 presents these results graphically.

TABLE 7

Five-class job satisfaction latent class analysis solution with three response options: 2017
(Percent and probability)

Class (prevalence)

Response

Very satisfied Somewhat satisfied Dissatisfied

Class 1 (27.8%): Very Satisfied with Independence, Challenge, and Responsibility      
Salary 0.104 0.614 0.282
Benefits 0.191 0.561 0.247
Security 0.436 0.378 0.186
Location 0.576 0.319 0.105
Opportunities 0.236 0.528 0.235
Challenge 0.806 0.182 0.013
Responsibility 0.801 0.192 0.008
Independence 0.873 0.116 0.012
Contribution 0.746 0.230 0.024

Class 2 (23.8%): Very Satisfied with Everything      
Salary 0.763 0.227 0.010
Benefits 0.815 0.154 0.031
Security 0.836 0.144 0.020
Location 0.818 0.153 0.029
Opportunities 0.742 0.243 0.014
Challenge 0.963 0.037 0.000
Responsibility 0.983 0.015 0.002
Independence 0.955 0.043 0.003
Contribution 0.881 0.111 0.008

Class 3 (16.2%): Very Satisfied with Benefits      
Salary 0.589 0.390 0.021
Benefits 0.802 0.191 0.008
Security 0.616 0.291 0.093
Location 0.597 0.296 0.108
Opportunities 0.157 0.634 0.209
Challenge 0.322 0.591 0.087
Responsibility 0.316 0.637 0.047
Independence 0.549 0.392 0.059
Contribution 0.422 0.500 0.079

Class 4 (16.1%): Dissatisfied with Opportunities for Advancement      
Salary 0.096 0.414 0.491
Benefits 0.206 0.432 0.362
Security 0.199 0.362 0.439
Location 0.347 0.361 0.292
Opportunities 0.013 0.141 0.846
Challenge 0.078 0.358 0.564
Responsibility 0.039 0.456 0.505
Independence 0.235 0.431 0.335
Contribution 0.189 0.465 0.346

Class 5 (16.1%): Somewhat Satisfied with Everything      
Salary 0.034 0.769 0.197
Benefits 0.104 0.747 0.149
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TABLE 7

Five-class job satisfaction latent class analysis solution with three response options: 2017
(Percent and probability)

Class (prevalence)

Response

Very satisfied Somewhat satisfied Dissatisfied

Security 0.232 0.638 0.129
Location 0.310 0.556 0.134
Opportunities 0.018 0.699 0.284
Challenge 0.092 0.846 0.062
Responsibility 0.015 0.952 0.033
Independence 0.282 0.675 0.043
Contribution 0.210 0.743 0.048

Note(s):
Rows may not sum to 1.000 due to rounding. Response probabilities greater than 0.500 are considered salient and are represented in bold. 
Response probabilities more than twice as large as the next-largest probability in a row are highlighted in blue.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

FIGURE 4

Five-class job satisfaction latent class analysis solution with three response options: 2017

Note(s):
Class 1: Very Satisfied with Independence/Challenge, Class 2: Very Satisfied with Everything, Class 3: Very Satisfied with Benefits, Class 4: 
Dissatisfied with Advancement, Class 5: Somewhat Satisfied with Everything.
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Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

The five-class, three-response model can now be interpreted with regard to the original job factors. While the 
interpretation of the five satisfaction classes is similar to the five importance classes, it is interesting to note the 
differences in class prevalence order (i.e., the order of the satisfaction classes is different than the importance classes) 
and that there is generally less within-class homogeneity as evidenced by the presence of more response probabilities in 
the 0.20 to 0.40 range (i.e., not above the 0.50 cutoff for salience used here but not particularly close to 0 either). The 
largest satisfaction class (Class 1: 27.8%) could be called the Very Satisfied with Independence, Challenge, and 
Responsibility class as members are likely to be generally satisfied with all nine job factors in their current job but are 
especially satisfied with their job’s intellectual challenge, level of responsibility, degree of independence, and their ability 
to contribute to society, while they are less satisfied with their salary, benefits, and opportunity for advancement. 
Members of the second-largest class (Class 2: 23.8%), the Very Satisfied with Everything class, are most likely to respond 
that they are very satisfied with all nine job factors. Again, there is some concern about rapid responders artificially 
inflating the prevalence of this class. The Very Satisfied with Benefits class (Class 3: 16.2%) is the reverse of Class 1 
because members are also generally satisfied with all factors of their current job, but members of this class are most 
likely to be very satisfied with their job’s benefits package and only be somewhat satisfied with their opportunity for 
advancement.

Members of the Dissatisfied with Opportunities for Advancement class (Class 4: 16.1%) are unlikely to be very satisfied 
with any of the nine job factors in their current job but are especially likely to be dissatisfied with their opportunities for 
advancement as well as with the level of intellectual challenge and their level of responsibility, both of which are likely 
related to their dissatisfaction with their level of advancement. It is worth noting that only members of Class 2 are likely to 
report being very satisfied with their opportunity for advancement, but unlike members of Classes 1, 3, and 5 (who are 
most likely to report that their opportunities for advancement are generally satisfactory but could be improved), the 
defining characteristic of members of Class 4 is their outright dissatisfaction with their opportunities to advance at their 
current job. Finally, the Somewhat Satisfied with Everything class (Class 5: 16.1%) members are most likely to be 
somewhat satisfied with all nine job factors in their current job, indicating that on the whole there is room for improvement 
across the board in their current job. As with the similar job importance class, Class 5 is also serving, at least in part, as a 
residual class that explains variability in the model as well as potentially including some rapid responders.

Distal Outcomes: Job Importance
To investigate the relationship between participant characteristics and the latent classes, a series of distal outcome 
models were estimated. One model was estimated separately for each of the demographic variables in Table 1 with the 
five-class, three-response solution for job importance as the predictor. The omnibus model test, which tests whether the 
proportion of individuals with the same value of the outcome variable differs by latent class (e.g., is the proportion of 
women different in at least one of the classes), was significant at the 0.01 level for all models. For the significant 
dichotomous variables (i.e., gender, physical disability, and living in the United States), the BCH macro provides pairwise 
tests to determine whether the proportions for the group coded 1 are equal or different for each pair of classes as shown 
by the letters in the table; the differences for the group coded 0 may then be inferred. For the polytomous variables (i.e., 
race and ethnicity, age, years since first PhD, degree area, workforce status, and employment sector), a series of dummy 
codes were created, and the model was rerun for each level of the outcome variable to get these pairwise tests. Note that 
these pairwise tests only determine whether the proportion of individuals with the same demographic value are identical 
between classes (e.g., is the proportion of health PhDs the same in Class 1 and Class 2), not whether the proportion of 
people with different demographic values are different for the same class (e.g., does not test whether the proportion of 
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health PhDs in Class 1 is different than the proportion of science PhDs in Class 1). The unconditional population 
estimated proportions from Table 1 are also provided for reference. Note that although the significance of proportions 
less than 0.05 were included in the tables for completeness, cells with less than 5% of the sample are considered sparse 
and therefore should be interpreted with caution.

Given the large number of pairwise tests and that the replication weights were not available, an increased risk of making a 
Type I error is a concern, so a Bonferroni correction was used to set a more conservative 0.005 significance level for the 
pairwise tests (Keppel and Wickens 2004). A bigger concern, however, is that due to the large sample size, differences 
that are too small to be meaningful may still reach statistical significance. To address this issue, Cohen’s (1988) h effect 
size measure for differences in proportions P1 and P2,

 

(6)

TABLE 8

Difference in proportions equal to different effect sizes
(Proportions and numbers)

h

P1

0.05 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90

0.2 0.053 0.068 0.086 0.096 0.100 0.100 0.096 0.088 0.074 0.052
0.5 0.160 0.193 0.229 0.245 0.248 0.240 0.223 0.196 0.156 0.095
0.8 0.293 0.337 0.378 0.390 0.382 0.359 0.322 0.269 0.196 na

na = not applicable.

Note(s):
P1 is the smaller of the proportions being compared, and h is how large the difference between P2 and P1 must be for the effect to be considered 
small (0.2), medium (0.5), or large (0.8).

Source(s):
Cohen J, Statistical Power Analyses for the Behavioral Sciences, 2nd ed., Erlbaum (1988), equation 6.

As indicated by the significant omnibus tests, there is at least one statistically significant difference in proportions 
between job importance classes for each variable in Table 9. When taking into account the effect size, however, many of 
these differences fail to reach the level of a small effect and can therefore be considered negligible effects for the 
purposes of this paper. For example, only the largest difference for gender (0.111; Class 1 vs. Class 4) would be 
considered a small effect, with an estimated 0.387 of the members of the Everything Is Very Important class identifying as 
female versus only 0.276 of the Everything Is Somewhat Important class. With only two gender options in the 2017 SDR, 
there is an opposite but equal effect for participants who identify as male. It should also be noted that none of the class 
proportions for gender differ from the unconditional population proportions by more than 0.061, again not meeting the 
criteria for even a small effect. For physical disability status, only the difference between Class 1 and Class 4 of 0.057 
reaches the level of a small effect. No differences in proportion for degree focus or living in the United States reached the 
level of a small effect, suggesting that while the proportions for these variables are not identical in all five classes, the 

was used, where h values of 0.2, 0.5, and 0.8 are considered small, medium, and large effects. Converting h into a single 
minimum difference in proportions, similar to a Tukey’s Honestly Significant Difference value in ANOVA (Keppel and 
Wickens 2004), is problematic, however, as the relationship between h and the difference in proportions is not constant. 
Instead, Table 8 gives the difference in proportions necessary for small, medium, and large effects for a range of 
proportion values. As noted above, interpreting differences between cells with less than 5% of the sample is problematic, 
so values less than 0.05 are not included in Table 8.
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differences are likely negligible. For the rest of the variables (race and ethnicity, age, years since first PhD, and workforce 
status), while there are some differences between Classes 1, 2, 3, and 4 that are statistically significant and larger than a 
small effect, the largest differences in proportions occur for Class 5, the Advancement Is Unimportant class. For example, 
for workforce status the differences between Class 1 and Class 5 for employed and not in the workforce participants are 
0.354 and 0.318, respectively, both of which are large effects. Members of Class 5 are also more likely to be over 60 years 
old, to be farther removed from receiving their first doctorate, and to identify as White (and, less likely, to identify as Asian) 
than members of the other classes.

TABLE 9

Estimated demographic composition of job importance classes: 2017
(Percent)

Characteristic

Proportions

Class 1 Class 2 Class 3 Class 4 Class 5 Population

Gender                      
Male 0.613   0.661 a 0.684 b 0.724   0.680 ab 0.663
Female 0.387   0.339 a 0.316 b 0.276   0.320 ab 0.337

Physical disability                      
No 0.916 a 0.910 a 0.888 b 0.890 b 0.859   0.899
Yes 0.084 a 0.090 a 0.112 b 0.110 b 0.141   0.101

Race or ethnicity                      
Asian 0.275 a 0.220   0.266 a 0.358   0.133   0.256
Black 0.059   0.017 a 0.038   0.013 a 0.020 a 0.034
Hispanic 0.068   0.041   0.050   0.031 a 0.026 a 0.048
White 0.582 a 0.707   0.631   0.586 a 0.809   0.647
Other 0.016 a 0.015 a 0.016 a 0.011 a 0.012 a 0.015

Age                      
< 30 0.008 ab 0.006 ac 0.011 bd 0.009 ad 0.003 c 0.008
30–39 0.232 a 0.201 b 0.249 a 0.224 ab 0.053   0.212
40–49 0.259 a 0.215   0.273 a 0.246 a 0.094   0.235
50–59 0.232 a 0.236 a 0.232 a 0.242 a 0.152   0.227
60–69 0.202 a 0.231   0.172 b 0.179 ab 0.362   0.213
≥ 70 0.067 a 0.111 b 0.062 a 0.099 b 0.336   0.104

Years since first PhD                      
< 7 (2010 or later) 0.212 a 0.170   0.229 a 0.215 a 0.050   0.192
8–17 (2000–09) 0.301 a 0.257 b 0.321 a 0.273 b 0.118   0.275
18–27 (1990–99) 0.247 ab 0.253 b 0.228 a 0.251 ab 0.198   0.240
28–37 (1980–89) 0.155 a 0.181   0.139 a 0.149 a 0.265   0.166
38–47 (1970–79) 0.080 a 0.127   0.078 a 0.102   0.334   0.116
> 47 (prior to 1970) 0.006 a 0.012 b 0.006 a 0.010 ab 0.035   0.010

Degree focus                      
Science 0.749 a 0.762 a 0.747 a 0.740 a 0.797   0.755
Engineering 0.190 a 0.201 ab 0.211 bc 0.232 c 0.163   0.201
Health 0.061   0.037 ab 0.043 a 0.029 b 0.040 ab 0.044

Living in the United States                      
No 0.110 a 0.150 b 0.100 a 0.164 b 0.097 a 0.123
Yes 0.890 a 0.850 b 0.900 a 0.836 b 0.903 a 0.877

Workforce status                      
Employed 0.921   0.854   0.884   0.815   0.567   0.851
Unemployed 0.011 a 0.012 a 0.015 a 0.024   0.048   0.017
Not in the workforce 0.067   0.134   0.101   0.161   0.385   0.132

Employment sector                      
Education 0.397 a 0.405 a 0.405 a 0.397 a 0.419 a 0.457
Government 0.082 a 0.091 a 0.085 a 0.076 ab 0.064 b 0.094
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TABLE 9

Estimated demographic composition of job importance classes: 2017
(Percent)

Characteristic

Proportions

Class 1 Class 2 Class 3 Class 4 Class 5 Population

Business or industry 0.522 a 0.504 a 0.510 a 0.527 a 0.516 a 0.449

Note(s):
Class proportions in a row that do not share a letter are statistically different at the 0.005 level. Population proportions are provided for reference 
only. Class 1: Everything Is Very Important, Class 2: Challenge Is More Important than Salary, Class 3: Benefits Are More Important than 
Responsibility, Class 4: Everything Is Somewhat Important, Class 5: Advancement Is Unimportant.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

Distal Outcomes: Job Satisfaction
The omnibus tests were significant for all of the variables in Table 10, meaning that there is at least one statistically 
significant difference in proportions between job satisfaction classes for each variable. Given the values in Table 8, 
however, many of these differences are smaller than a small effect and are therefore considered negligible here, even if 
they reach statistical significance at the 0.005 level. For example, none of the differences in proportions for physical 
disability reach the level of a small effect. For gender, only the largest difference (0.103; Class 1 vs. Class 3) reaches the 
level of a small effect with an estimated 0.389 of the Very Satisfied with Independence, Challenge, and Responsibility class 
identifying as female versus 0.286 of the Very Satisfied with Benefits class—although, as with the job importance classes, 
none of the job satisfaction proportions for gender differ by more than 0.053 from the unconditional population 
proportions. For race and ethnicity, none of the differences in proportions for individuals who identified as Black, Hispanic, 
or Other reach the level of a small effect. For individuals who identified as Asian or White, the differences in proportions 
between Classes 1, 2, and 3 were negligible, but larger differences existed between Classes 2, 4, and 5. For Asians, the 
largest difference was between Class 2 and Class 5 (0.280, a medium effect), with the differences between Classes 2 and 
4 (0.122) and Classes 4 and 5 (0.158) being small effects such that an estimated 0.475 of the Somewhat Satisfied with 
Everything class members identifying as Asian compared to 0.317 in the Dissatisfied with Opportunities for Advancement 
class and only 0.195 of the Very Satisfied with Everything class. There is an approximately equal, but opposite, effect 
observed for individuals who identify as White.

TABLE 10

Estimated demographic composition of job satisfaction classes: 2017
(Percent)

Characteristic

Proportions

Class 1 Class 2 Class 3 Class 4 Class 5 Population

Gender                      
Male 0.611   0.677 a 0.714 b 0.646   0.687 ab 0.661
Female 0.389   0.323 a 0.286 b 0.354   0.313 ab 0.339

Physical disability                      
No 0.902 a 0.923 b 0.925 b 0.892 a 0.905 a 0.910
Yes 0.098 a 0.077 b 0.075 b 0.108 a 0.095 a 0.090

Race or ethnicity                      
Asian 0.222 a 0.195   0.231 a 0.317   0.475   0.273
Black 0.037 ab 0.029 c 0.032 ac 0.044 b 0.036 abc 0.035
Hispanic 0.056 a 0.052 a 0.054 a 0.054 a 0.036   0.051
White 0.667 a 0.713   0.667 a 0.565   0.442   0.626
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TABLE 10

Estimated demographic composition of job satisfaction classes: 2017
(Percent)

Characteristic

Proportions

Class 1 Class 2 Class 3 Class 4 Class 5 Population

Other 0.018 a 0.012 b 0.015 ab 0.020 a 0.011 b 0.015
Age                      

< 30 0.010 a 0.007 a 0.010 a 0.011 a 0.008 a 0.009
30–39 0.251 a 0.183   0.246 a 0.277 b 0.254 ab 0.239
40–49 0.250   0.224   0.284 a 0.298 a 0.301 a 0.265
50–59 0.236 a 0.244 a 0.277 b 0.257 ab 0.262 ab 0.252
60–69 0.192   0.254   0.157 a 0.137 a 0.147 a 0.185
≥ 70 0.061   0.088   0.026 a 0.021 a 0.027 a 0.050

Years since first PhD                      
< 7 (2010 or later) 0.232 a 0.150   0.206 b 0.277   0.225 ab 0.214
8–17 (2000–09) 0.294 a 0.257   0.317 ab 0.343 bc 0.359 c 0.307
18–27 (1990–99) 0.247 ab 0.261 b 0.289 c 0.234 a 0.266 abc 0.258
28–37 (1980–89) 0.148 a 0.206   0.142 ac 0.116 b 0.116 bc 0.151
38–47 (1970–79) 0.074   0.119   0.044 a 0.028 b 0.034 ab 0.066
> 47 (prior to 1970) 0.004 a 0.008   0.002 a 0.002 a 0.001 a 0.004

Degree focus                      
Science 0.784 a 0.771 a 0.739 b 0.722 b 0.666   0.745
Engineering 0.171 a 0.180 a 0.219 b 0.236 b 0.287   0.210
Health 0.045 a 0.048 a 0.042 a 0.043 a 0.047 a 0.045

Living in the United States                      
No 0.133 a 0.108 b 0.102 b 0.136 a 0.188   0.123
Yes 0.867 a 0.892 b 0.898 b 0.864 a 0.812   0.877

Employment sector                      
Education 0.535   0.441 a 0.313   0.460 ab 0.486 b 0.457
Government 0.069 a 0.101 b 0.143   0.090 bc 0.080 ac 0.094
Business or industry 0.395   0.458 a 0.543   0.450 a 0.433 a 0.449

Note(s):
Class proportions in a row that do not share a letter are statistically different at the 0.005 level. Population proportions are provided for reference 
only. Class 1: Very Satisfied with Independence, Challenge, and Responsibility; Class 2: Very Satisfied with Everything; Class 3: Very Satisfied with 
Benefits; Class 4: Dissatisfied with Opportunities for Advancement; Class 5: Somewhat Satisfied with Everything.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

For age and years since first PhD, several of the differences in proportions reach the level of a small effect, but there does 
not seem to be a consistent difference between classes, which is an indicator that, although statistically significant, a 
systematic and meaningful relationship between class membership and these variables likely does not exist. For degree 
focus, none of the differences in class proportions for health were statistically significant. For engineering, however, the 
differences between Class 5 and Classes 1 and 2 (0.116 and 0.107, respectively) both reached the level of a small effect, 
with members of the Somewhat Satisfied with Everything class being approximately 1.6 times more likely to have a degree 
in engineering than members of the Very Satisfied with Independence, Challenge, and Responsibility class or the Very 
Satisfied with Everything class. An opposite effect is seen for science degree holders. For participants living in the United 
States, the differences between Class 5 and Classes 2 and 3 (0.080 and 0.086, respectively) also reached the level of 
small effects, with members of the Somewhat Satisfied with Everything class being less likely to be living in the United 
States at the time of data collection than members of the Very Satisfied with Benefits or Very Satisfied with Everything 
classes. Finally, for employment sector, the biggest differences are seen between Classes 1 and 3. Participants working in 
education were more likely to belong to the Very Satisfied with Independence, Challenge, and Responsibility class than the 
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Very Satisfied with Benefits class (0.222, an almost medium effect), while an opposite effect was seen for participants 
working in the government and the business and industry sectors, with those individuals being more likely to belong to the 
Very Satisfied with Benefits class than the Very Satisfied with Independence, Challenge, and Responsibility class (0.148 and 
0.074, respectively, both of which are smaller effects).

Congruence Analysis
The results of the LCAs show that job importance and job satisfaction have a high level of similarity—each had five 
classes that included a class where members rate everything high, a class where members rate everything as somewhat 
high, a class that rates challenge and independence higher than salary and benefits, a class that rates salary and benefits 
higher than challenge and independence, and a class that rates advancement very low. The congruence analyses 
investigate this similarity further by determining the degree to which membership in a specific job importance class 
predicts membership in the concordant job satisfaction class (and vice versa). For example, are members of the 
Everything Is Very Important class more likely to be members of the Very Satisfied with Everything class? The conditional 
probabilities for the LTA model predicting job satisfaction class membership (columns) based on job importance class 
membership (rows; aBIC = 560,020.70, stability = 76.4%) are shown in Table 11. In a traditional LTA model, the 
probabilities on the main diagonal of this table would indicate the probability of staying in the same class across time, and 
the off-diagonal probabilities would give the probability of changing to another class at T2, given membership in a specific 
class at T1. Here, the classes are based on different constructs, and the order of classes is maintained from the LCA 
models in Tables 5 and 7, where it was based on class prevalence, so the main diagonal and off-diagonal elements do not 
have that interpretation. Instead, within a specific row, values of 0.20 mean the probability of belonging to a specific 
satisfaction class, given membership in that importance class, is exactly equal to chance (i.e., 1 out of 5); values greater 
than 0.20 indicate an above-chance probability of belonging to a specific satisfaction class, given membership in that 
importance class; and values below 0.20 indicate a below-chance probability of belonging to a specific satisfaction class, 
given membership in that importance class (i.e., more likely to not belong compared to chance).

Table 11 illustrates there is a moderate level of congruence between job importance and job satisfaction classes such 
that the concordant probabilities (highlighted in blue) are also the highest conditional probabilities (in bold) for four of the 
five job importance classes For example, members of the Everything Is Very Important class have the highest probability 
of being members of the Very Satisfied with Everything class (0.371), although this value does not approach 1.0, which 
would indicate perfect congruence. The only class this is not true for is the Advancement, Security, and Benefits Are 
Unimportant class who are most likely to belong to the Very Satisfied with Independence, Challenge, and Responsibilities 
class (0.398). It is also interesting that the highest probability to belong to the Dissatisfied with Opportunities for 
Advancement class was membership in the Everything Is Somewhat Important class (0.237). While PROC LTA does not 
provide pairwise statistical tests like the distal outcome models, the differences in proportions of effect size values in 
Table 8 can again be used to compare proportions within a row revealing a mix of negligible, small, and medium 
differences.

TABLE 11

Probability of satisfaction class membership given importance class membership: 2017
(Probabilities)

Importance class

Satisfaction class

Very Satisfied with 
Independence (Class 1)

Very Satisfied with 
Everything (Class 2)

Very Satisfied with 
Benefits (Class 3)

Dissatisfied with 
Advancement (Class 4)

Somewhat Satisfied 
with Everything (Class 

5)

All Very Important 
(Class 1) 0.266 0.371 0.130 0.122 0.111
Challenge over 
Salary (Class 2) 0.405 0.274 0.119 0.121 0.082
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TABLE 11

Probability of satisfaction class membership given importance class membership: 2017
(Probabilities)

Importance class

Satisfaction class

Very Satisfied with 
Independence (Class 1)

Very Satisfied with 
Everything (Class 2)

Very Satisfied with 
Benefits (Class 3)

Dissatisfied with 
Advancement (Class 4)

Somewhat Satisfied 
with Everything (Class 

5)

Benefits over 
Independence 
(Class 3)

0.171 0.129 0.311 0.189 0.199

All Somewhat 
Important (Class 4) 0.116 0.074 0.158 0.237 0.415
Advancement Is 
Unimportant (Class 
5)

0.398 0.325 0.089 0.126 0.062

Note(s):
Rows sum to 1.000, but columns do not. The largest marginal probability in each row is represented in bold. Concordant cells are highlighted in 
blue.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.

The conditional probabilities from the LTA model with job satisfaction class membership (row) predicting job importance 
class membership (column; aBIC = 593,616.99, stability = 78.2%) are shown in Table 12. As with the previous model, the 
highest conditional probabilities (in bold) for Classes 1, 2, and 3 are with their concordant importance classes (highlighted 
in blue), whereas members of the Somewhat Satisfied with Everything class are slightly more likely to belong to the 
Benefits and Salary Are More Important than Responsibility class (0.326) than the Everything Is Somewhat Important class 
(0.307). Members of the Dissatisfied with Advancement class are most likely to be members of the Benefits and Salary Are 
More Important than Responsibility (0.322) class. Strikingly, all the conditional probabilities for the Advancement Is 
Unimportant class are less than 0.10, meaning that job satisfaction class membership does a better job at predicting who 
is unlikely to rate advancement as unimportant than predicting who is likely to rate advancement as unimportant, although 
this is likely due to the Advancement Is Unimportant class’s small size compared to the other classes.

TABLE 12

Probability of importance class membership given satisfaction class membership: 2017
(Probabilities)

Satisfaction class

Importance class

All Very Important 
(Class 1)

Challenge over 
Salary (Class 2)

Benefits over 
Independence (Class 3)

All Somewhat 
Important (Class 4)

Advancement Is 
Unimportant (Class 5)

Very Satisfied with 
Independence (Class 1) 0.301 0.388 0.167 0.051 0.094

Very Satisfied with 
Everything (Class 2) 0.458 0.286 0.137 0.036 0.084

Very Satisfied with 
Benefits (Class 3) 0.225 0.174 0.463 0.106 0.032

Dissatisfied with 
Advancement (Class 4) 0.242 0.202 0.322 0.182 0.052

Somewhat Satisfied with 
Everything (Class 5) 0.211 0.132 0.326 0.307 0.025

Note(s):
Rows sum to 1.000, but columns do not. The largest marginal probability in each row is represented in bold. Concordant cells are highlighted in 
blue.
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Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2017.
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Discussion
 
The results of the LCAs and congruence analyses of the 2017 SDR data presented here highlight how person-centered 
approaches can provide information not available from variable-centered analyses. Both start by describing the 
characteristics of the participants (Table 1) and how they rated the nine job factors in terms of importance and 
satisfaction (Table 2), but whereas a variable-centered approach would have been limited to focusing solely on the 
relationships between specific job factors (e.g., the correlation between satisfaction with salary and satisfaction with 
location) or a composite score (e.g., overall satisfaction), the LCAs revealed five subpopulations of participants based on 
their responses to all nine job factors simultaneously without losing the unique contribution of each factor. This allows for 
conclusions about job satisfaction and job importance that would not have been possible if only variable-centered 
approaches had been used.

For example, the patterns that define the five job importance and five job satisfaction classes match closely with Weiss 
and colleagues’ (1967) conceptualization of job factors falling into two broader categories: intrinsic and extrinsic. Intrinsic 
job factors focus on the work itself and include intellectual challenge, level of responsibility, degree of independence, and 
ability to contribute to society. Extrinsic job factors are aspects of the job other than the work itself, including salary, 
benefits, security, location, and opportunity for advancement. Reframing the results in these terms, the majority of 
doctorate recipients are likely to report being satisfied with all areas of their current job but differ in their relative 
satisfaction with the intrinsic versus extrinsic job factors. Members of the Very Satisfied with Independence, Challenge, 
and Responsibility class (Class 1; Table 7) are more likely to rate being very satisfied with the intrinsic factors of their 
current job and only somewhat satisfied with the extrinsic factors, whereas members of the Very Satisfied with Benefits 
class (Class 3) are more likely to report the opposite. Members of the Very Satisfied with Everything (Class 2) and 
Somewhat Satisfied with Everything (Class 5) classes are likely to rate their satisfaction with intrinsic and extrinsic job 
factors as equal, although the overall level of satisfaction is different. Members of the Dissatisfied with Opportunities for 
Advancement class (Class 4) were most likely to respond that they were dissatisfied with advancement (an extrinsic 
factor) as well as challenge and responsibility (intrinsic factors), which is unsurprising, given that advancement usually 
comes with increased responsibility and challenge. Tellingly, members of this class are unlikely to be very satisfied with 
any of the nine listed job factors in their current job.

The distal outcome analyses provide an examination of the demographic composition of the job importance and job 
satisfaction classes. For example, doctoral recipients employed in the education sector were 1.71 times more likely to 
report higher satisfaction with the intrinsic factors of their current job than the extrinsic factors (Class 1 vs. Class 3), 
whereas individuals in the government and the business and industry sectors were more likely to report higher 
satisfaction with the extrinsic factors of their current job than the intrinsic factors (Class 3 vs. Class 1; 2.07 times and 
1.37 times, respectively). In short, people in educational jobs are more likely to report being more satisfied with their 
autonomy and less satisfied with their compensation than people in noneducational jobs, which is unsurprising because 
this is one of the primary reasons given by individuals in Ruiz Castro et al.’s study (2020) for why they were transitioning 
out of academic research positions. A similar effect is seen for women who are 1.36 times as likely to be very satisfied 
with autonomy but only somewhat satisfied with compensation (Class 1) as the opposite (Class 3). Interestingly, the 
demographic composition of the class that is dissatisfied with their opportunities for advancement (Class 4) tracks fairly 
closely to the estimated population percentages for all of the variables with all differences falling below the magnitude of 
a small effect. Larger differences are seen between the demographic characteristics of individuals who are dissatisfied 
with their opportunities for advancement (Class 4) and individuals who are very satisfied with everything (Class 2) with 
members of the dissatisfied class being more likely to identify as Asian (and less likely to identify as White) or as younger 
or closer to PhD. One partial explanation could be that women, racial and ethnic minorities, and people with disabilities 
report holding supervisory roles less frequently (NCSES 2021), although the only difference that reaches the level of a 
small effect or larger here is for individuals who identify as Asian. Another possible explanation is that individuals who are 
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older or farther from PhD have either already been fully advanced in their jobs or are nearing retirement and are no longer 
as concerned about advancement. This is corroborated by the results in Table 9 that show members of the Advancement 
Is Unimportant class are more likely to be over the age of 60 or not in the workforce compared to the other importance 
classes.

Finally, the congruence analysis presents an opportunity to better understand how doctoral recipients’ satisfaction relates 
to the level of importance they report for each of these job factors. The prevailing pattern is one of congruence with 
individuals generally reporting being very satisfied with job factors they rate as being very important. For example, 
members of the Everything Is Very Important class are most likely to be members of the Very Satisfied with Everything 
class (and vice versa). The same is true for individuals who rate intrinsic factors as more important than extrinsic factors 
(challenge over benefits) and for individuals who rate extrinsic factors as more important than intrinsic factors (benefits 
over independence). Proponents of Positive Organizational Scholarship (Spreitzer and Cameron 2011) might posit that 
this is because individuals tend to apply for jobs that most closely match their values, so if individuals value independence 
and intellectual challenge over salary, they would find a job where they had a high degree of independence and intellectual 
challenge and therefore be more likely to be very satisfied. And the results do support the idea that most individuals’ 
satisfaction in their current jobs match well with what they rate as most important. The counterpoint to this argument, 
however, is that if individuals were able to perfectly match their current job to what they valued, then the highest 
probability for all of the importance classes should be the Very Satisfied with Everything class, which is not supported by 
the results in Tables 11 and 12. Instead, individuals are generally less satisfied with job factors that they rate as less 
important. One possible explanation for this is cognitive dissonance, which is the idea that conflicting attitudes, beliefs, 
and behaviors are uncomfortable so that individuals will change one or more of these in order to lessen the dissonance 
(Festinger 1957). For example, individuals who are not completely satisfied with their salary might justify staying in their 
current job by downplaying the importance of salary and highlighting the level of independence the job allows them. That 
said, there is a limit to how much individuals will change their beliefs to alleviate cognitive dissonance as the Dissatisfied 
with Advancement class members are not most likely to belong to the Advancement Is Unimportant class, although there 
is a small group of individuals who report that advancement is unimportant but are still dissatisfied with their 
opportunities to advance. In addition, it is important to note that the cross-sectional nature of these analyses limits the 
ability to make statements about the direction of any causal effects.
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