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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
 
Replication and reproducibility of results is a cornerstone of scientific research, as replication studies can identify 
artifacts that affect internal validity, investigate sampling error, increase generalizability, provide further testing of the 
original hypothesis, and evaluate claims of fraud. The purpose of the current working paper is to determine whether the 
five-class, three-response latent class solutions for job importance and job satisfaction found by Fritz (2022) using the 
2017 cycle of the Survey of Doctorate Recipients data replicate using data from the 2015 and 2019 cycles. A series of 
latent class analyses were conducted using the Mplus statistical software, which determined that the five-class, three- 
response solutions for job importance and job satisfaction were also the best models for the 2015 and 2019 data. In 
addition, the class prevalences and response probabilities were highly consistent across time, indicating that the 
interpretation of the latent classes is the same across time as well. All of this gives strong evidence that the 2017 results 
were successfully replicated in the 2015 and 2019 data, increasing confidence in the original results and also setting the 
stage for a future longitudinal investigation of the latent classes using latent transition analysis.
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Introduction
 

Background and Rationale
Replication and reproducibility are central tenets of science and scientific inquiry. Put simply, replication is the idea that if 
it is possible to carry out a research study more than once, then any person who exactly follows the same research 
protocol as the original study should (within a small margin of error) find the same results as the original study (Fidler and 
Wilcox 2018), whereas reproducibility is the idea that two people analyzing the same data using the same statistical 
methods should get the same results. While the concepts of scientific replication and reproducibility are simple, in 
practice, replication studies often completely or partially fail to replicate the results of previously published scientific 
studies, leading some to talk about a “replication crisis” in science (Fidler and Wilcox 2018; Pashler and Wagenmakers 
2012) or state more strongly that, “It can be proven that most claimed research findings are false” (Ioannidis 2005). Fidler 
and Wilcox (2018) argue that this “replication crisis” is caused by five interrelated characteristics of the current scientific 
publication process: (1) the rarity of published replication studies in many fields, (2) the inability to reproduce the 
statistically significant results of many published studies, (3) a bias towards only publishing scientific studies that report 
statistically significant effects, (4) a lack of transparency and completeness with regard to sampling and analyses in 
published studies, and (5) the use of “questionable research practices” such as p hacking in order to obtain significant 
results. In the U.S. federal statistical system, issues with transparency and reproducibility are important enough that the 
NCSES tasked the Committee on National Statistics, part of the National Academies of Sciences, Engineering, and 
Medicine, to produce a consensus study report on the topic (NASEM 2021).

Regardless of the reason, many replication studies fail to reproduce the results of the original study; a consequence of 
increased focus on replicability is an increased emphasis on the need to reproduce the results from any individual study 
through the use of one or more replication studies, especially in the social sciences. In general, replication studies fall into 
two categories: exact replications, which seek to exactly replicate a prior study, and conceptual replications, which seek to 
determine whether the results of the original study generalize to a new population or context. Regardless of whether a 
replication study is exact or conceptual, Schmidt (2009) lists five functions of replications studies: (1) control for fraud, (2) 
control for sampling error, (3) control for artifacts that affect internal validity, (4) increase in generalizability, and (5) 
further testing of the original hypothesis. In the context of longitudinal survey work, the replication of results at multiple 
time points increases confidence in the original results and decreases the likelihood that the results at any individual point 
in time are due solely to artifacts specific to that time point or due to sampling error and measurement error. This 
increase in confidence, in turn, increases the generalizability of the original results. Ignoring for the moment cases of 
explicit fraud or data entry and analytic errors, failure to replicate the findings from data collected at one point in time at 
another point in time could be an indicator of time-specific artifacts or that the effect of interest is changing over time, 
both of which would require a deeper investigation of the longitudinal structure of the data as a whole.

The purpose of the current working paper is twofold. First is to determine whether the results from Fritz (2022), who found 
five latent job importance classes and five latent job satisfaction classes using the 2017 cycle of the Survey of Doctorate 
Recipients (SDR), replicate with the 2015 and 2019 cycle data. Specifically, this paper seeks to rule out the possibility that 
the results from Fritz (2022) were caused solely by time-specific artifacts (and to a lesser extent, sampling and 
measurement error) that affected only the 2017 data collection in order to increase confidence in and generalizability of 
the results of the original study. Second is to lay the groundwork for a future working paper investigating whether 
individuals move between latent job importance and job satisfaction classes across time (and if so, who moves between 
classes and in what direction) using latent transition analysis (LTA). Because the first step in conducting an LTA is to 
determine the latent class structure at each time point, this replication study also fulfills this requirement.
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Methods
 

Data
The current working paper uses the publicly available microdata from the 2015, 2017, and 2019 cycles of the SDR; 
information about inclusion criteria and sampling are provided in the supporting documentation for the public use files 
(NCSES 2018, 2019, 2021). To participate in a specific SDR cycle, individuals must have completed a research doctorate 
in a science, engineering, or health (SEH) field from a U.S. academic institution prior to 1 July two calendar years previous 
to the current cycle year (e.g., prior to 1 July 2017 for the 2019 cycle). Participants must also be less than 76 years of age 
and not institutionalized or terminally ill on 1 February of the cycle year. All individuals who were selected to participate in 
a specific cycle and continued to meet the inclusion criteria were eligible to participate in later cycles, with each cycle’s 
sample supplemented by individuals who had graduated since the previous cycle. For the 2019 cycle, individuals who did 
not respond to either the 2015 or 2017 cycles were removed, while 14,564 individuals eligible but not selected for the 
2015 cycle were added, and a new stratification design that strengthened reporting for minority groups and small SEH 
degree fields was utilized. For the final data set of each cycle, missing values were imputed using both logical and 
statistical methods, and sampling weights were calculated to adjust for the stratified sampling schema; unknown 
eligibility; nonresponse; and demographic characteristics including gender, race and ethnicity, location, degree year, and 
degree field.

Participants
Only participants who were asked to respond to the job importance and job satisfaction questions for each cycle were 
included in the current paper, resulting in final sample sizes of 78,286 individuals for the 2015 cycle, 85,720 individuals for 
the 2017 cycle, and 80,869 individuals for the 2019 cycle. Table 1 contains the sampling weight–estimated population 
frequencies by year for gender, physical disability, race and ethnicity, age (in 10-year increments), degree area, whether the 
participant was living in the United States at the time of data collection, workforce status, and employment sector. Note 
that these values are based on the reduced samples used for the current analyses and should not be considered official 
statistics. Although there are some differences across time, in general, the population remained relatively stable in regard 
to demographics, with the majority of SEH doctoral degree holders for all three cycles identifying as male, White, 
employed, holding a degree in science, and reporting no physical disability.

TABLE 1

Population estimates of Survey of Doctorate Recipients participant characteristics, by selected years: 2015, 2017, and 2019
(Number and percent)

Characteristic

2015 2017 2019

Frequency Percent Frequency Percent Frequency Percent

Gender            
Male 706,264 67.4 730,933 66.3 747,481 65.1
Female 341,246 32.6 371,897 33.7 401,127 34.9

Physical disability            
No 945,070 90.2 991,362 89.9 1,037,229 90.3
Yes 102,440 9.8 111,468 10.1 111,379 9.7

Race or ethnicity            
Asian 258,596 24.7 282,390 25.6 300,766 26.2
Black 33,950 3.2 37,176 3.4 38,849 3.4
Hispanic 47,914 4.6 53,334 4.8 55,331 4.8
White 692,593 66.2 713,598 64.7 737,283 64.2
Other 14,097 1.3 16,331 1.5 16,379 1.4

Age            
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TABLE 1

Population estimates of Survey of Doctorate Recipients participant characteristics, by selected years: 2015, 2017, and 2019
(Number and percent)

Characteristic

2015 2017 2019

Frequency Percent Frequency Percent Frequency Percent

< 30 8,068 0.8 8,891 0.8 9,204 0.8
30–39 216,345 20.7 233,737 21.2 251,607 21.9
40–49 247,820 23.7 259,631 23.5 275,505 24.0
50–59 244,123 23.3 250,586 22.7 250,061 21.8
60–69 229,694 21.9 234,986 21.3 244,126 21.3
≥ 70 101,460 9.7 114,999 10.4 118,104 10.3

Degree focus            
Science 796,205 76.0 832,477 75.5 861,852 75.0
Engineering 202,855 19.4 221,447 20.1 234,556 20.4
Health 48,450 4.6 48,906 4.4 52,199 4.5

Living in the United States            
No 127,783 12.2 135,697 12.3 139,853 12.2
Yes 919,727 87.8 967,133 87.7 1,008,755 87.8

Workforce status            
Employed 906,474 86.5 938,248 85.1 983,259 85.6
Unemployed 15,729 1.5 18,989 1.7 16,008 1.4
Not in the workforce 125,307 12.0 145,593 13.2 149,341 13.0

Employment sector            
Education 429,727 47.4 428,638 45.7 456,825 46.5
Government 81,118 8.9 88,253 9.4 90,992 9.2
Business and industry 395,629 43.6 421,357 44.9 435,442 44.3

Note(s):
The values presented here are provided for reference only as they are based on applying the sampling weights to the reduced samples for each 
collection cycle used for the current project (2015: n = 78,286; 2017: n = 85,720; 2019: n = 80,869) 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, 2015, 2017, and 2019.

Survey Questions
The current working paper focuses on two SDR questions: “When thinking about a job, how important is each of the 
following factors to you?” and “Thinking about your principal job held during the week of February 1, please rate your 
satisfaction with that job’s….” For each question, the participants were asked to rate nine job factors on a 4-point response 
scale. As in the final models for Working Paper NCSES 22-207 (Fritz 2022), the “somewhat unimportant” and “not 
important at all” options were combined into a single “unimportant” category and the “somewhat dissatisfied” and “very 
dissatisfied” options were combined into a single “dissatisfied” category resulting in three response categories for each 
question. Table 2 shows the sampling weight–estimated population response rates for the three response options for 
each of the nine job factors for importance and satisfaction. As with Table 1, these values are based on the reduced 
samples used for the current analyses and should not be considered official statistics. Despite some small variability 
across time, in general, the response rates for each response option for each job factor were remarkably similar for all 
three cycles.
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TABLE 2

Population estimates of response proportions in percentages for importance of and satisfaction with nine job-related factors, by 
selected years: 2015, 2017, and 2019
(Percent)

Items Response

Job importance
Very important Somewhat important Unimportant

2015 2017 2019 2015 2017 2019 2015 2017 2019
Salary 50.0 52.4 53.0 45.8 43.3 42.7 4.2 4.3 4.2
Benefits 53.8 56.5 57.6 39.1 36.0 35.4 7.2 7.4 7.1
Job security 54.6 55.5 56.7 36.4 34.9 34.4 9.0 9.7 8.9
Job location 55.0 56.9 58.6 39.1 37.4 36.2 5.9 5.7 5.2
Opportunities for advancement 41.9 42.3 42.2 43.8 42.6 42.7 14.3 15.1 15.1
Intellectual challenge 75.2 74.4 73.8 22.9 23.5 23.9 1.9 2.1 2.3
Level of responsibility 46.2 45.6 44.9 46.0 45.7 45.9 7.8 8.7 9.1
Degree of independence 69.4 68.8 69.3 27.9 28.3 27.7 2.7 2.9 3.0
Contribution to society 57.6 58.6 59.1 36.3 35.5 34.9 6.2 5.9 6.0

Job satisfaction
Very satisfied Somewhat satisfied Dissatisfied

2015 2017 2019 2015 2017 2019 2015 2017 2019
Salary 32.3 32.7 33.2 46.7 47.8 47.5 20.9 19.5 19.4
Benefits 42.3 42.7 43.6 41.6 41.3 41.0 16.1 16.0 15.4
Job security 49.3 48.9 51.8 34.2 34.8 33.5 16.6 16.3 14.7
Job location 56.1 55.7 56.3 31.7 32.1 31.7 12.2 12.2 11.9
Opportunities for advancement 27.0 27.3 27.4 43.3 44.2 44.1 29.7 28.5 28.5
Intellectual challenge 54.6 53.3 53.3 33.6 34.8 34.7 11.8 11.9 12.0
Level of responsibility 51.8 51.7 51.3 38.2 38.7 38.4 10.0 9.7 10.3
Degree of independence 64.5 64.2 64.8 27.6 28.4 27.4 7.9 7.4 7.8
Contribution to society 54.5 55.0 55.2 37.0 36.5 35.9 8.5 8.5 8.9

Note(s):
The values presented here are provided for reference only as they are based on applying the sampling weights to the reduced samples for each 
collection cycle used for the current project (2015: n = 78,286; 2017: n = 85,720; 2019: n = 80,869) and therefore do not match the official values 
reported by the National Center for Science and Engineering Statistics. Percentages may not sum to 100% due to rounding.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2015, 2017, and 2019.

Analyses and Software

Latent Class Analyses

The current paper uses latent class analysis (LCA), which has the mathematical model (Collins and Lanza 2010)

  
where J is the number of indicators (i.e., job factors, so J = 9), Rj is the number of response options for indicator j (here, Rj 
= 3), C is the number of latent classes, γc is the prevalence of class c, and ρj,rj|c is the probability of giving response rj to 
indicator j for a member of class c. While previous work (Fritz 2022) has indicated that there are five job importance latent 
classes and five job satisfaction latent classes, given that the purpose of the current analyses is to test the veracity of this 
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prior work, multiple models with differing numbers of latent classes were estimated and compared, and the correct 
number of classes to retain was based on four criteria: (1) percentage decrease in adjusted Bayesian Information 
Criterion (aBIC) value when an extra latent class was added, (2) solution stability across 1,000 random starts, (3) model 
entropy, and (4) interpretability of the latent classes.

Software

Sampling weight–estimated population frequencies were computed using PROC SURVEYFREQ with the WEIGHT option in 
SAS 9.4 (SAS 2021). All LCA models were estimated with Mplus 8.4 (Muthèn and Muthèn 2021) using the maximum 
likelihood with robust standard errors estimator, treating the indicators as ordered categories (CATEGORICAL) and using 
1,000 random starts, each of which was carried through all three estimation stages (STARTS ARE 1000 1000 1000;). Note 
that while Mplus and PROC LCA (Lanza et al. 2015) give almost identical results (e.g., the results from the 2017 five-class, 
three-response job importance LCA model in Mplus were identical to the same model in PROC LCA to at least three 
decimal places), Mplus calculates the aBIC based on the loglikelihood whereas PROC LCA calculates the aBIC based on 
the G2 statistic, which changes the scaling of the aBIC values. As such, all LCA results for the 2017 SDR cycle reported 
here have been rerun in Mplus to put the 2017 model aBIC values on the same scale as the 2015 and 2019 model values.
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Results
 

Latent Classes: Job Importance
All LCA models with between one and eight latent classes were fit to the 9 three-response job importance factors 
separately for the 2015, 2017, and 2019 cycles of SDR data. All models converged normally, although not all 1,000 random 
starting values converged for the seven- and eight-class models. Table 3 contains the aBIC, percentage decrease in aBIC 
between models with C + 1 and C classes, entropy, and stability values for each model by year. As described previously, 
the aBIC values for the 2017 cycle do not match the values from Fritz (2022) because Mplus computes the aBIC values 
using the loglikelihood rather than G2. Table 3 reveals high consistency in model fit across years. These values indicate 
that the five-class solution fits the best for all three cycles. For example, adding an additional class reduces the aBIC value 
by 1.2% or more up through five classes, but adding a sixth latent class only reduces the aBIC value by 0.5% or less for 
each cycle. In addition, the stability for the five-class solution is highest of the four- through eight-class solutions for all 
three cycles, and the stability drops substantially for models with more than five classes while the entropy values stay 
approximately the same.

TABLE 3

Model fit indices for job importance latent class analysis models, by selected years: 2015, 2017, and 2019
(Number and percent)

Year Number of classes aBIC Decrease in aBIC (%) Entropy % stability

2015 1 1,192,429.81 -- 1.00 100.0  
2 1,129,884.54 5.3 0.72 100.0  
3 1,095,214.82 3.1 0.74 75.6  
4 1,073,731.65 2.0 0.78 83.6  
5 1,061,054.03 1.2 0.76 87.7  
6 1,056,983.37 0.4 0.77 34.3  
7 1,053,905.48 0.3 0.78 24.6 *
8 1,052,167.23 0.2 0.78 9.2 *

2017 1 1,309,882.27 -- 1.00 100.0  
2 1,228,836.09 6.2 0.71 100.0  
3 1,188,421.78 3.3 0.75 76.6  
4 1,161,608.76 2.3 0.79 50.6  
5 1,145,021.99 1.4 0.78 86.9  
6 1,139,027.72 0.5 0.79 39.6  
7 1,135,408.28 0.3 0.79 29.3 *
8 1,132,938.63 0.2 0.75 5.1 *

2019 1 1,231,062.06 -- 1.00 100.0  
2 1,153,445.08 6.3 0.71 100.0  
3 1,113,082.47 3.5 0.76 77.6  
4 1,086,456.84 2.4 0.79 61.7  
5 1,071,274.07 1.4 0.79 80.9  
6 1,065,440.43 0.5 0.79 55.2  
7 1,060,142.48 0.5 0.80 62.4 *
8 1,057,728.48 0.2 0.76 28.5 *

aBIC = adjusted Bayesian Information Criterion.

Note(s):
Stability is based on 1,000 random starts unless denoted with an asterisk (*), which indicates that not all 1,000 starts converged. When one or more 
starts failed to converge, stability is based on the number of starts out of 1,000 that did converge. The preferred 5-class solution is shown in bold.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2015, 2017, and 2019.
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The next step is to investigate the interpretation of the five-class solution for the 2015 and 2019 cycles as it is possible 
that there are five latent classes for each cycle, but that the interpretation of one or more classes is different in the 2017 
cycle than the other cycles. The prevalence (i.e., estimated percentage of the population) for each class, as well as the 
response probabilities for each job factor, of the five-class, three response LCA model are shown in Table 4 by year. As 
with the previous tables, while the prevalances and response probabilities are not identical for each cycle, Table 4 shows 
a high level of consistency across years. The largest class for all three cycles is the Everything Is Very Important class 
whose members have a high probability of rating all nine job factors as “very important.” The second largest class for all 
three cycles is the Challenge and Independence Are More Important Than Salary and Benefits class whose members are 
most likely to rate a job’s intellectual challenge, level of independence, and contribution to society as “very important” and 
the job’s salary and benefits as only “somewhat important.” The Benefits and Salary Are More Important Than 
Responsibility class is the third largest class for all three cycles, and its members are mostly likely to rate a job’s salary, 
benefits, and security as “very important” and the job’s level of responsibility as “somewhat important.” The fourth largest 
class for all three cycles is the Everything Is Somewhat Important class whose members are most likely to rate all nine job 
factors as “somewhat important.” And the smallest class for each cycle is the Advancement, Security, and Benefits Are 
Unimportant class whose members are mostly likely to rate a job’s benefits, security, and opportunity for advancement as 
“unimportant,” although members of this group are likely to rate the job’s location as “very important.” Note that this 
smallest class is always larger than the 5% rule of thumb for retaining a class (Nasserinejad et al. 2017). Based on this, 
the five-class, three-response job importance solution reported by Fritz (2022) for the 2017 SDR data does replicate with 
the 2015 and 2019 cycles of the SDR.

TABLE 4

Five-class job importance latent class analysis solution with three response options, by selected years: 2015, 2017, and 2019
(Number, percent, and probability)

Class (Prevalence: 2015, 2017, 2019)

Response

Very important Somewhat important Unimportant

2015 2017 2019 2015 2017 2019 2015 2017 2019

Class 1 (27.5, 27.7, 28.8%): Everything Is Very Important                  
Salary 0.889 0.879 0.884 0.109 0.118 0.115 0.002 0.003 0.001
Benefits 0.951 0.960 0.967 0.041 0.031 0.029 0.008 0.009 0.004
Security 0.859 0.886 0.894 0.124 0.101 0.093 0.018 0.013 0.013
Location 0.709 0.756 0.755 0.269 0.221 0.226 0.022 0.023 0.019
Advancement 0.720 0.795 0.807 0.228 0.175 0.167 0.052 0.031 0.026
Challenge 0.988 0.992 0.988 0.012 0.008 0.011 0.000 0.000 0.000
Responsibility 0.880 0.885 0.872 0.115 0.111 0.122 0.005 0.004 0.005
Independence 0.948 0.959 0.952 0.052 0.040 0.047 0.000 0.001 0.001
Contribution 0.836 0.864 0.862 0.146 0.120 0.124 0.018 0.015 0.014

Class 2 (27.2, 26.7, 26.7%): Challenge and Independence Are More 
Important Than Salary and Benefits                  

Salary 0.135 0.169 0.164 0.843 0.806 0.810 0.022 0.024 0.027
Benefits 0.177 0.194 0.198 0.781 0.767 0.754 0.042 0.039 0.048
Security 0.347 0.331 0.344 0.578 0.594 0.582 0.075 0.075 0.074
Location 0.501 0.495 0.525 0.440 0.454 0.429 0.059 0.051 0.046
Advancement 0.397 0.396 0.373 0.503 0.509 0.527 0.100 0.095 0.100
Challenge 0.958 0.959 0.956 0.042 0.040 0.044 0.000 0.000 0.000
Responsibility 0.636 0.613 0.601 0.349 0.371 0.378 0.015 0.016 0.021
Independence 0.884 0.868 0.869 0.114 0.130 0.129 0.002 0.002 0.002
Contribution 0.712 0.728 0.735 0.266 0.254 0.246 0.023 0.018 0.019

Class 3 (24.6, 26.0, 26.0%): Benefits and Salary Are More Important Than 
Responsibility                  

Salary 0.795 0.805 0.803 0.201 0.192 0.196 0.004 0.003 0.001
Benefits 0.874 0.908 0.905 0.120 0.087 0.092 0.006 0.006 0.004
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TABLE 4

Five-class job importance latent class analysis solution with three response options, by selected years: 2015, 2017, and 2019
(Number, percent, and probability)

Class (Prevalence: 2015, 2017, 2019)

Response

Very important Somewhat important Unimportant

2015 2017 2019 2015 2017 2019 2015 2017 2019

Security 0.723 0.752 0.748 0.253 0.228 0.237 0.024 0.020 0.015
Location 0.524 0.547 0.569 0.421 0.407 0.387 0.054 0.047 0.044
Advancement 0.349 0.326 0.312 0.540 0.563 0.572 0.111 0.112 0.116
Challenge 0.514 0.504 0.485 0.455 0.462 0.482 0.031 0.034 0.032
Responsibility 0.110 0.109 0.091 0.773 0.756 0.772 0.116 0.135 0.136
Independence 0.464 0.456 0.453 0.494 0.499 0.501 0.041 0.045 0.046
Contribution 0.349 0.340 0.339 0.546 0.558 0.554 0.104 0.102 0.106

Class 4 (13.7, 13.9, 10.9%): Everything Is Somewhat Important                  
Salary 0.093 0.113 0.120 0.888 0.874 0.862 0.019 0.013 0.017
Benefits 0.063 0.067 0.055 0.894 0.898 0.909 0.042 0.035 0.036
Security 0.243 0.191 0.188 0.692 0.744 0.755 0.064 0.065 0.056
Location 0.391 0.373 0.371 0.541 0.565 0.573 0.068 0.063 0.056
Advancement 0.157 0.095 0.091 0.676 0.730 0.722 0.166 0.175 0.187
Challenge 0.366 0.302 0.280 0.608 0.676 0.696 0.026 0.022 0.024
Responsibility 0.015 0.010 0.006 0.840 0.852 0.852 0.145 0.138 0.143
Independence 0.274 0.239 0.249 0.670 0.713 0.701 0.056 0.047 0.049
Contribution 0.229 0.202 0.200 0.676 0.713 0.714 0.095 0.085 0.086

Class 5 (7.0, 5.8, 7.7%): Advancement, Security, and Benefits Are 
Unimportant                  

Salary 0.150 0.183 0.174 0.408 0.430 0.416 0.442 0.387 0.411
Benefits 0.070 0.092 0.097 0.228 0.263 0.253 0.702 0.646 0.651
Security 0.073 0.084 0.086 0.227 0.218 0.212 0.700 0.698 0.702
Location 0.527 0.529 0.545 0.271 0.261 0.243 0.202 0.210 0.212
Advancement 0.110 0.067 0.056 0.174 0.149 0.118 0.716 0.783 0.826
Challenge 0.683 0.646 0.612 0.214 0.247 0.239 0.103 0.108 0.149
Responsibility 0.325 0.281 0.256 0.355 0.369 0.334 0.320 0.350 0.410
Independence 0.647 0.603 0.614 0.243 0.275 0.236 0.110 0.123 0.151
Contribution 0.548 0.542 0.532 0.295 0.296 0.293 0.157 0.162 0.175

Note(s):
Probabilities may not sum to 1.000 due to rounding. Response probabilities greater than or equal to 0.500 are considered salient and are 
represented in bold. Response probabilities more than twice as large as the next largest probability for that item for a specific year are highlighted in 
blue.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2015, 2017, and 2019.

Latent Classes: Job Satisfaction
All LCA models with between one and eight latent classes were fit to the 9 three-response job satisfaction factors 
separately for the 2015, 2017, and 2019 cycles of SDR data. All models converged normally; again, a small percentage of 
the 1,000 random starting values did not converge, although just for the eight-class model. Table 5 shows the aBIC, 
percentage decrease in aBIC between models with C + 1 and C classes, entropy, and stability values for each model by 
year. As with the model fit indices for job importance, there is a high level of consistency in model fit across cycles for job 
satisfaction, and stability was 72.2% or higher for the one- through six-class solutions. Unlike the job importance models, 
however, adding a fifth class reduced the aBIC value by less than 1% for the job satisfaction models. It is important to 
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remember that the decision to include the fifth job satisfaction class in Fritz (2022) was based more on the increased 
interpretability of the five-class solution compared to the four- and six-class solutions than the improvement in model fit. 
That is, while inclusion of the fifth class increased model fit modestly, the fifth class improved the separation of the other 
four classes, making them easier to interpret.

TABLE 5

Model fit indices for job satisfaction latent class analysis models, by selected years: 2015, 2017, and 2019
(Number and percent)

Year Number of classes aBIC Decrease in aBIC (%) Entropy % stability

2015 1 1,198,760.08 -- 1.00 100.0  
2 1,081,383.17 9.8 0.83 100.0  
3 1,061,365.49 1.9 0.78 72.2  
4 1,045,637.69 1.5 0.74 87.5  
5 1,037,430.66 0.8 0.74 73.4  
6 1,032,219.16 0.5 0.72 98.1  
7 1,029,195.05 0.3 0.71 64.3  
8 1,027,255.76 0.2 0.71 17.7 *

2017 1 1,298,586.58 -- 1.00 100.0  
2 1,171,058.80 9.8 0.83 100.0  
3 1,148,458.52 1.9 0.78 73.1  
4 1,131,166.32 1.5 0.74 88.1  
5 1,121,934.03 0.8 0.74 84.6  
6 1,116,656.49 0.5 0.72 98.8  
7 1,113,782.79 0.3 0.71 40.9  
8 1,111,549.36 0.2 0.71 42.9 *

2019 1 1,215,928.54 -- 1.00 100.0  
2 1,095,679.25 9.9 0.83 100.0  
3 1,073,171.25 2.1 0.78 76.9  
4 1,057,487.14 1.5 0.74 86.8  
5 1,047,962.06 0.9 0.74 90.8  
6 1,042,896.13 0.5 0.72 85.0  
7 1,040,249.52 0.3 0.71 33.6  
8 1,037,787.61 0.2 0.72 40.5 *

aBIC = adjusted Bayesian Information Criterion.

Note(s):
Stability is based on 1,000 random starts unless denoted with an asterisk (*), which indicates that not all 1,000 starts converged. When one or more 
starts failed to converge, stability is based on the number of starts out of 1,000 that did converge. The preferred 5-class solution is shown in bold.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2015, 2017, and 2019.

Investigating the response probabilities and prevalences of the five-class model, shown in Table 6, reveals that the 
interpretation of the five-class solution is identical for the 2015, 2017, and 2019 cycles, although the rank order of the 
smaller classes does vary (note that the order of classes in Table 6 is based on the 2017 prevalences). The largest class 
for all three cycles is the Very Satisfied With Independence, Challenge, and Responsibility class whose members are most 
likely to rate their satisfaction with their job’s level of independence, intellectual challenge, level of responsibility, and 
contribution to society as high but are less satisfied with their salary, benefits, and opportunities for advancement. The 
second largest class for all three cycles is the Very Satisfied With Everything class whose members report being very 
satisfied with all facets of their current job. While the three smaller classes vary in terms of rank, most likely due to 
sampling error as the prevalences for these three classes are very similar, the classes themselves are the same across 
time. Members of the Very Satisfied With Benefits class are most likely to rate their satisfaction with their job’s benefits, 
salary, and security as “very satisfied,” but only rate their satisfaction with their opportunity for advancement and level of 
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responsibility as “somewhat satisfied.” Members of the Dissatisfied With Opportunities For Advancement class are defined 
by their high probability of being dissatisfied with their opportunities for advancement in their current job. And the 
Somewhat Satisfied With Everything class members are mostly likely to rate their satisfaction with all of their job’s facets 
as “somewhat satisfied.” Based on these results, the five-class, three-response solution was determined to be the correct 
model for the 2015 and 2019 data, and, as a result, the five-class, three-response job satisfaction solution reported by Fritz 
(2022) for the 2017 SDR data does replicate with the 2015 and 2019 cycles of the SDR.

TABLE 6

Five-class job satisfaction latent class analysis solution with three response options, by selected years: 2015, 2017, and 2019
(Number, percent, and probability)

Class (Prevalence: 2015, 2017, 2019)

Response

Very satisfied Somewhat satisfied Dissatisfied

2015 2017 2019 2015 2017 2019 2015 2017 2019

Class 1 (30.5, 27.8, 26.2%): Very Satisfied With Independence, Challenge, 
and Responsibility                  

Salary 0.102 0.104 0.098 0.612 0.614 0.611 0.286 0.282 0.290
Benefits 0.198 0.191 0.176 0.560 0.561 0.571 0.242 0.247 0.253
Security 0.460 0.436 0.448 0.368 0.378 0.377 0.172 0.186 0.175
Location 0.609 0.576 0.570 0.295 0.319 0.321 0.096 0.105 0.108
Advancement 0.249 0.236 0.223 0.535 0.528 0.539 0.216 0.235 0.238
Challenge 0.815 0.806 0.792 0.175 0.182 0.194 0.009 0.013 0.014
Responsibility 0.802 0.801 0.764 0.189 0.192 0.225 0.009 0.008 0.011
Independence 0.877 0.873 0.879 0.111 0.116 0.107 0.012 0.012 0.014
Contribution 0.747 0.746 0.735 0.233 0.230 0.244 0.020 0.024 0.021

Class 2 (22.8, 23.8, 25.7%): Very Satisfied With Everything                  
Salary 0.783 0.763 0.743 0.210 0.227 0.245 0.007 0.010 0.012
Benefits 0.844 0.815 0.820 0.137 0.154 0.152 0.020 0.031 0.028
Security 0.847 0.836 0.845 0.135 0.144 0.134 0.018 0.020 0.021
Location 0.812 0.818 0.820 0.157 0.153 0.149 0.031 0.029 0.031
Advancement 0.737 0.742 0.733 0.250 0.243 0.249 0.014 0.014 0.018
Challenge 0.955 0.963 0.967 0.043 0.037 0.032 0.001 0.000 0.001
Responsibility 0.978 0.983 0.985 0.021 0.015 0.015 0.000 0.002 0.000
Independence 0.952 0.955 0.952 0.047 0.043 0.045 0.002 0.003 0.003
Contribution 0.868 0.881 0.877 0.124 0.111 0.110 0.008 0.008 0.013

Class 3 (13.8, 16.2, 17.2%): Very Satisfied With Benefits                  
Salary 0.631 0.589 0.544 0.346 0.390 0.427 0.023 0.021 0.029
Benefits 0.828 0.802 0.774 0.169 0.191 0.221 0.003 0.008 0.004
Security 0.604 0.616 0.658 0.301 0.291 0.281 0.096 0.093 0.061
Location 0.579 0.597 0.603 0.304 0.296 0.302 0.118 0.108 0.095
Advancement 0.150 0.157 0.150 0.598 0.634 0.636 0.253 0.209 0.214
Challenge 0.351 0.322 0.329 0.551 0.591 0.584 0.098 0.087 0.087
Responsibility 0.325 0.316 0.318 0.612 0.637 0.627 0.064 0.047 0.055
Independence 0.539 0.549 0.568 0.382 0.392 0.375 0.079 0.059 0.057
Contribution 0.398 0.422 0.434 0.507 0.500 0.481 0.094 0.079 0.086

Class 4 (16.1, 16.1, 15.0%): Dissatisfied With Opportunities For 
Advancement                  

Salary 0.087 0.096 0.103 0.398 0.414 0.391 0.515 0.491 0.506
Benefits 0.188 0.206 0.201 0.435 0.432 0.423 0.377 0.362 0.376
Security 0.196 0.199 0.218 0.339 0.362 0.348 0.465 0.439 0.434
Location 0.347 0.347 0.350 0.361 0.361 0.349 0.293 0.292 0.301
Advancement 0.009 0.013 0.012 0.121 0.141 0.127 0.870 0.846 0.861
Challenge 0.098 0.078 0.076 0.370 0.358 0.344 0.533 0.564 0.580
Responsibility 0.038 0.039 0.039 0.465 0.456 0.416 0.497 0.505 0.546
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TABLE 6

Five-class job satisfaction latent class analysis solution with three response options, by selected years: 2015, 2017, and 2019
(Number, percent, and probability)

Class (Prevalence: 2015, 2017, 2019)

Response

Very satisfied Somewhat satisfied Dissatisfied

2015 2017 2019 2015 2017 2019 2015 2017 2019

Independence 0.243 0.235 0.236 0.404 0.431 0.399 0.353 0.335 0.366
Contribution 0.198 0.189 0.191 0.468 0.465 0.446 0.334 0.346 0.364

Class 5 (16.8, 16.1, 15.9%): Somewhat Satisfied With Everything                  
Salary 0.032 0.034 0.027 0.750 0.769 0.761 0.218 0.197 0.212
Benefits 0.102 0.104 0.082 0.753 0.747 0.769 0.146 0.149 0.150
Security 0.254 0.232 0.231 0.621 0.638 0.642 0.126 0.129 0.127
Location 0.323 0.310 0.292 0.550 0.556 0.574 0.126 0.134 0.134
Advancement 0.021 0.018 0.010 0.675 0.699 0.673 0.303 0.284 0.317
Challenge 0.121 0.092 0.077 0.802 0.846 0.848 0.076 0.062 0.075
Responsibility 0.030 0.015 0.015 0.935 0.952 0.939 0.035 0.033 0.046
Independence 0.304 0.282 0.263 0.661 0.675 0.686 0.035 0.043 0.051
Contribution 0.216 0.210 0.203 0.733 0.743 0.734 0.051 0.048 0.063

Note(s):
Probabilities may not sum to 1.000 due to rounding. Response probabilities greater than or equal to 0.500 are considered salient and are 
represented in bold. Response probabilities more than twice as large as the next largest probability for that item for a specific year are highlighted in 
blue.

Source(s):
National Center for Science and Engineering Statistics, Survey of Doctorate Recipients, 2015, 2017, and 2019.
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Discussion
 
There are three major take-aways from the results presented here. First, the replication was successful. As shown in Table 
3 and Table 5, the fit of the various LCA models is very similar across time, and Table 4 and Table 6 show that the 
prevalences and response probabilities (and hence, the interpretation) of the latent classes in the 2017 five-class 
solutions are almost identical to those for the 2015 and 2019 cycles for both job importance and job satisfaction. Perhaps 
this is unsurprising given the very similar response rates for each cycle shown in Table 2, but all of this indicates that the 
five-class, three-response LCA solutions for the 2017 SDR data reported by Fritz (2022) do replicate for both job 
importance and job satisfaction in the 2015 and 2019 cycles of the SDR. While the replication of these five-class solutions 
provides evidence that these models were not selected solely due to an artifact of the 2017 SDR data, it is important to 
note that replicating the 2017 results with the 2015 and 2019 data does not rule out all alternative explanations. For 
example, because the SDR employs a longitudinal, repeated-measures design, with many of the doctoral degree holders 
who participated in the 2015 cycle also participating in the 2017 and 2019 cycles, it is possible the replication results are 
due to sampling error, and a different solution would be found with a different sample of doctoral degree holders. In 
addition, the replication says nothing about whether these five importance and five satisfaction classes are absolute in 
the sense that what doctoral degree holders in the latter half of the 2010s view as important, and their satisfaction with 
those job factors may not be the same as for doctoral degree holders in the 1980s or the 2040s. Regardless, replicating 
the 2017 results strengthens the validity and the generalizability of the original findings (Schmidt 2009).

Second, the replication highlights several findings from Fritz (2022) that, while reported in the original paper, were not as 
apparent until the results from the 2015, 2017, and 2019 cycles were considered together. For example, for all three 
cycles, over 70% of respondents were mostly likely to rate opportunities for advancement as “somewhat important” or 
“unimportant” (Table 4, Classes 2, 3, 4, and 5), but less than 30% of respondents were most likely to rate their satisfaction 
with their opportunities for advancement at their current job as “very satisfied” (Table 6, Class 2). This would indicate that 
most respondents were likely to believe their opportunities for advancement at their current job could be improved, and an 
important area of future research could be investigating why most doctoral degree holders feel this way and what would 
need to change in order for them to be very satisfied with their opportunities for advancement at their current job.

Another result that stands out in the replication concerns the job location. Table 4 shows that for all three cycles, over 
85% of respondents were most likely to rate a job’s location as “very important” (Classes 1, 2, 3, and 5—only members of 
Class 4 are mostly likely to rate location as “somewhat important”), indicating that job location does not follow the 
intrinsic or extrinsic divide found by Fritz (2022) for Classes 2 and 3. The same pattern is seen in Table 6 for job 
satisfaction with members of Class 1, who are mostly likely to rate their satisfaction with only their job’s intrinsic facets as 
very high, and members of Class 3, who are mostly likely to rate their satisfaction with only their job’s extrinsic facets as 
very high, both being most likely to rate their satisfaction with their current job’s location as “very satisfied.” This would 
suggest that a job’s location is neither intrinsic nor extrinsic (or is somehow both). It is also possible that different 
respondents are interpretating the term “location” differently, with some conceptualizing location as country or state and 
others conceptualizing job location as a specific neighborhood or distance from their residence (e.g., length of daily 
commute). As with advancement, future research on doctoral degree holders could seek to better understand how job 
location relates to satisfaction.

Third, and finally, since the replication involved additional time points using the same sample, some potential longitudinal 
effects can be examined. For example, the size of some classes appears to systematically change over time, especially 
for job satisfaction. Most notably, the prevalence of the Satisfied With Independence, Challenge, and Responsibility (Class 
1), Dissatisfied With Opportunities For Advancement (Class 4), and Somewhat Satisfied With Everything (Class 5) classes 
all decrease from 2015 to 2019, whereas the size of the Satisfied With Everything (Class 2) and Satisfied With Benefits 
(Class 3) classes increase with each additional SDR cycle. While it is tempting to interpret this apparent trend to mean 
that overall job satisfaction is increasing or that average salary and benefits for doctoral degree holders is increasing, 
interpreting longitudinal effects in this replication study is problematic for several reasons. The most important issue is 
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that the LCA models presented here do not model or statistically test any longitudinal hypotheses. As noted by Kenny and 
Zautra (1995), any individual’s score at a specific point in time in repeated-measures data is made up of three types of 
variability: trait, state, and error. Traits remain stable or change systematically across time; states are nonrandom, time- 
specific deviations from a trait; and errors are random deviations from a trait. For example, someone who has been in the 
same job for 10 years might be generally very satisfied with their current job for all 10 years (trait) but was dissatisfied on 
the day they filled out the SDR because they had an argument with a coworker the previous day (state) and selected 
“somewhat dissatisfied” because there was no “neither satisfied nor dissatisfied” response option (error).

Longitudinal models that can distinguish between trait, state, and error variability are therefore necessary to test and 
make conclusions about longitudinal effects. In more exact terms, while the replication of the 2017 solutions with the 
2015 and 2019 data indicates that job importance and job satisfaction exhibit a high level of equilibrium that resulted in 
the same LCA solution at each time point, the replication does not provide any evidence for stability or stationarity of job 
satisfaction or importance across time. In this context, equilibrium is the consistency of the patterns of covariances and 
variances between items at a single point in time across repeated measurements (Dwyer 1983), while stability is the 
consistency of the mean level of a variable across time, and stationarity refers to an unchanging causal relationship 
between variables across time (Kenny 1979). Investigating whether the average level of satisfaction changed across time 
or whether the way in which satisfaction changed across time (i.e., the trajectory) differed by latent class would require 
the use of a latent growth curve model or a growth mixture model, respectively. In addition, the replication does not 
provide any insight into whether individuals tend to stay in the same class across time or whether individuals change 
classes, which would require the use of a latent transition model. Based on this, there are numerous longitudinal 
hypotheses that could be tested in order to gain a more complete understanding of the latent job importance and job 
satisfaction classes for doctoral degree holders.
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