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known as FewSOC that achieves accuracy significantly higher than the original
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that intra-firm occupation change has been found to facilitate upward mobility most
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1 Introduction
Over the past several decades, the U.S. labor market has undergone significant changes,
marked by the decline of internal labor markets and the rise of external labor markets. In-
ternal labor markets, once characterized by stable, long-term employment and opportuni-
ties for internal mobility within organizations, have diminished due to shifts in organiza-
tional structures and employment practices [14, 24]. In their place, external labor markets
have expanded, driven by flexible employment arrangements and increased movement
across organizations [5, 15]. As a result, employers now rely more heavily on hiring exter-
nal candidates, creating multiple pathways for career mobility.

At the same time, the educational composition of the U.S. workforce has undergone
dramatic changes. The labor force has become increasingly educated over time. The share
of workers with at least a college degree has risen from 26% in 1991 to nearly 42% in
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2022 [47]. This shift reflects expanded access to higher education and growing demand
for high-skilled workers.

Despite these profound changes, existing research on internal and external job mobility
often aggregates workers across educational levels, limiting our understanding of how col-
lege graduates — the fastest-growing segment of the workforce — navigate these evolving
mobility pathways. Furthermore, few studies systematically distinguish between different
types of job mobility, potentially obscuring important variations in their prevalence and
impact. A critical gap remains: What are the primary modes of job mobility for college-
educated workers? Which modes of job mobility facilitate upward career advancement?
And how do the returns to various modes of job mobility vary by gender and race?

The college expansion has also brought about increased gender and racial/ethnic diver-
sity in the workforce [34]. Between 1980 and 2023, the share of women and ethnoracial
minority workers in the high-skilled workforce has risen dramatically [42]. However, little
is known about how the frequency and outcomes of internal and external job mobility vary
by gender and race. On one hand, persistent structural barriers may limit the opportuni-
ties and benefits of job mobility for women and minority groups, compounding existing
disadvantages. On the other hand, the increasing flexibility of the labor market may offer
them new opportunities for upward mobility, particularly through external job changes
that allow individuals to bypass entrenched workplace barriers and leverage external op-
portunities.

A major obstacle to understanding these dynamics is data availability. Addressing these
questions requires a sufficiently large and diverse sample of college-educated workers that
can be disaggregated by gender and race/ethnicity while still maintaining robust subgroup
sizes. However, general surveys often lack the necessary sample size and rarely collect
complete employment histories. At best, they may capture information about a respon-
dent’s first job, most recent job, or a limited series of positions. Full employment trajecto-
ries are seldom documented.

Our study addresses the above obstacle through the use of an online resume dataset.
This data source enables us to measure various types of job mobility — both internal and
external — across a large sample of college graduates. Crucially, it provides detailed job
histories, allowing us to construct longitudinal employment records for individual work-
ers, unlike studies relying on LinkedIn’s aggregate audience estimates [2, 18, 23, 25]. This
approach not only offers a clearer picture of job mobility patterns but also provides new
insights into how these patterns interact with gender and racial/ethnic identities.

While the online resume dataset contains very detailed job mobility data, two additional
challenges must be addressed: gender and race prediction and occupation label inference.
As a secondary research dataset, resumes often do not contain all the essential attribute
labels. Attributes such as gender and race of workers, as well as occupational labels for
jobs are often missing. However, these attributes are essential for analyzing job mobility
patterns.

Our study therefore introduces machine learning methods to predict workers’ genders
and races. We also developed a novel method for inferring occupation labels — comprising
codes and titles from the Standard Occupational Classification (SOC) system — based on
job titles and company names. Online job-related data, including the resume dataset used
in this study, are typically labeled with SOC codes and titles by automated algorithms.
However, the accuracy of these inferred SOC labels is often unknown. As demonstrated
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later in this study, the default SOC labels in our dataset achieve only 63% accuracy;, rais-
ing significant concerns about their reliability and impact on the validity of the study’s
findings.

Developing robust occupation classification models is however challenging due to the
scarcity of high-quality labeled data and the complexity of SOC taxonomies. To address
this limitation, we present a novel few-shot! prompting framework for SOC classification
titled FewSOC, which leverages the vast knowledge and reasoning capabilities of large lan-
guage models (LLMs) like OpenAI's GPT models. Our crowdsourced evaluation demon-
strates that the SOC labels generated by FewSOC are significantly more accurate than
the default labels provided with the dataset. As a result, we use the improved FewSOC-
generated SOC labels in our analysis of career mobility, ensuring more reliable and valid
findings.

Building on the context of evolving labor market dynamics and the increasing diversity
of the workforce, this study utilizes a large dataset of online resume profiles to address the
following research questions.

RQ1: How do college-educated workers navigate different job change options to achieve
upward career mobility? Specifically, what factors contribute to their success in achieving
upward mobility?

RQ2: How do the outcomes of upward career mobility for college-educated workers
differ by gender and race?

This article is organized as follows. We begin with a review of relevant research on ca-
reer mobility and occupation classification. Next, we describe the online resume dataset,
including the preprocessing steps and criteria for selecting the study subset. We then intro-
duce FewSOC, our LLM-based occupation classification method, and outline the crowd-
sourced evaluation of its effectiveness. This is followed by regression analyses addressing
our research questions. Finally, we discuss the study’s limitations, propose directions for

future work, and conclude with key insights and implications.

2 Related work
2.1 Determinants of career mobility
Job mobility is a key pathway to achieving overall career advancement. However, the like-
lihood of job mobility is not evenly distributed across all groups. Traditionally disadvan-
taged populations, such as women and minorities, are less likely to experience mobility,
partly due to entrenched biases that hinder their promotion opportunities (internal mo-
bility) and compromise their future employment prospects (external mobility). These bar-
riers constrain the career advancement of minority workers both within and across orga-
nizations [3, 35, 36, 48].

Another factor contributing to these challenges is the segregation of women and mi-
norities within restricted social networks. These networks often provide limited access
to mainstream connections that are crucial for obtaining quality job information, secur-

ing referrals, and influencing hiring decisions. As a result, their opportunities for external

1Few-shot (also known as k-shot) prompting refers to a technique where a large language model (LLM) is provided with a
small number of k examples in the input prompt to guide it in performing a task. This contrasts with zero-shot prompting,
where no examples are given, and the LLM relies solely on its pre-existing knowledge to perform a task. In general, few-
shot prompting has been shown to significantly improve task performance compared to zero-shot prompting, as it allows
the model to better generalize from limited input [7].
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mobility are diminished [22, 32, 38]. Additionally, women and minority workers are dis-
proportionately concentrated in minority-dominated jobs, which typically offer lower pay
and fewer opportunities for upward mobility [20].

Despite well-documented barriers, little is known about how these dynamics affect
highly-educated workers. While white-collar minority professionals may have better mo-
bility prospects than their blue-collar counterparts, they often face a gendered or racial-
ized “glass ceiling” [13]. However, the advantages of higher education may also mitigate
some barriers, leading to different outcomes for this group. Even when women and minori-
ties achieve job mobility, it is unclear if it results in upward mobility. For those starting in
disadvantaged positions, mobility can provide an opportunity to move beyond the lower
rungs of the occupational hierarchy, but benefits vary. Women, minorities, and lower-
skilled workers face greater barriers and often experience diminished returns from job
changes [8].

Several factors contribute to these disparities. Racial discrimination and segregated so-
cial networks, for example, limit the gains minority workers can achieve through job mo-
bility. In external labor markets, hiring and wage-setting discrimination is exacerbated by
incomplete information about a worker’s productivity [4]. Employers may devalue the cre-
dentials of female and minority workers and attach biased social meanings to their job mo-
bility [16]. As a result, minority workers who pursue new employment opportunities may
receive lower wage offers or be funneled into lower-level positions with limited prospects
for advancement. Additionally, segregated social networks further exacerbate these dis-
advantages by restricting access to high-quality job referrals and information [12, 39, 45].
Ultimately, job mobility for women and minorities may often result in inefficient churning
between roles of similar status and pay, whether within or across organizations.

Despite the importance of these issues, existing research has yet to systematically dis-
tinguish between different types of job mobility. This lack of specificity may obscure vari-
ations in how certain forms of mobility are experienced and their potential outcomes.
Furthermore, most studies focus either on low-wage workers or on the workforce as a
whole without accounting for differences in educational attainment. As a result, our un-
derstanding of how these dynamics play out for more highly-educated workers remains
limited.

2.2 Predicting occupations from textual data

Occupation is an important demographic attribute in social and computational social sci-
ence research [2, 17-19, 23, 25, 31, 49]. Previous research has explored various method-
ologies and data sources for extracting and classifying occupations from text. Simple
dictionary-based methods [17, 31, 49] were often employed due to the limited perfor-
mance of traditional machine-learning classifiers [37]. For machine-learning based ap-
proaches, most studies employ traditional multi-class classification models, relying on
feature engineering and machine-learning algorithms. Common feature engineering tech-
niques include TF-IDF weighted bag-of-words model, doc2vec, and word2vec [6, 33, 46].
Supervised, unsupervised, and ensemble learning algorithms, such as SVM, logistic re-
gression, kNN, and random forests, are widely used for classification [21, 33, 40, 46]. Ad-
ditionally, more recent approaches leverage language models [1, 29]. For instance, Li et
al. [29] proposed LLM4]Jobs, a zero-shot query and retrieval framework utilizing Vicuna-
33b. Achananuparp et al. [1] introduced a multi-stage few-short prompting framework
for occupation classification, leveraging LLMs for inferring and reranking.



Achananuparp et al. EPJ Data Science (2026) 15:4 Page 5 of 33

These studies utilize different types of data. Some researchers classify occupations us-
ing only job titles [6, 21], while others base their classification on entire job postings
[29, 33, 46]. Occupation labels are typically drawn from existing standard occupational
classification (SOC) taxonomies with varying levels of granularity, such as ISCO [6, 46],
ESCO [29], O*NET-SOC [21], and others [33, 40, 41]. For instance, Javed et al. [21] used
23 major occupational classes from O*NET-SOC, while Li et al. [29] and Varelas et al. [46]
employed up to 1000 ESCO codes and 230 ISCO codes, respectively. Other studies, like
Russ et al. [41], use 840 unique 6-digit SOC codes from the U.S. SOC 2010 system, while
Mukherjee et al. (2021) focused on the five most common SOC codes in their dataset.
Most datasets used in these studies are not publicly available for research, with the excep-
tion of Li et al. [29], which released a synthetic dataset generated by LLMs.

Methodologically, our FewSOC framework shares the most similarity to LLM4]Jobs [29]
and TGRE [1]. These methods require no training data and employ a multi-stage pipeline.
In the first stage, LLMs generate candidate SOC codes for the test samples. In the sec-
ond stage, a retrieval module in LLM4Jobs and TGRE, or a SOC mapping and matching
module in FewSOC, identifies the most relevant SOC codes from the taxonomy. Unlike
LLM4Jobs, which uses zero-shot prompting to classify one job post at a time, FewSOC
employs few-shot examples to classify job title-company name pairs. Generally, few-shot
prompting tends to enhance LLM performance in classification tasks compared to zero-
shot prompting. Compared to TGRE, which incorporates LLM-based reranking in a third
stage, FewSOC adopts a more streamlined pipeline by omitting the reranking module. In
addition, FewSOC efficiently leverages batch prompting to process multiple test samples
per batch, thereby reducing token usage and processing costs. This optimization enhances
efficiency while introducing only a minor trade-off in classification accuracy, making Few-
SOC particularly suitable for large-scale datasets involving hundreds of thousands of re-
sume profiles used in this study.

To our knowledge, this work is among the few studies to utilize over 1000 fine-grained
SOC codes (at the 6-digit level or higher) from the O*NET-SOC taxonomy as class labels
for multi-class classification [1]. Furthermore, we are the first to investigate the feasibility
of crowdsourced SOC code annotation at scale, leveraging a large dataset of more than
10K job titles and company names sourced from online resume profiles.

3 Dataset, data preprocessing, and attribute extraction

3.1 The lightcast dataset

We use resume profiles collected from various online sources by Lightcast,? a labor market
analytics company formed through the merger of two leading labor market data providers:
Emsi and Burning Glass Technologies. The dataset, obtained in October 2022, contains
approximately 141.6 million profiles from people across the United States, collected from
online platforms such as LinkedIn and other professional networking sites.? Lightcast ap-
plies machine learning algorithms and other data processing methods to standardize, de-
duplicate, merge, and normalize the profiles data across all sources. Additionally, the raw
data are enriched with relevant job-related information, such as occupation, industry, and
educational level, and more.

Zhttps://lightcast.io/.
3https://kb.lightcast.io/en/articles/7153977-global-data-101.
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Each profile is organized into three sections: job history, education history, and skills.
For this study, we focus primarily on a relevant subset of fields from the job history and
education history sections. The selected job history fields include job title, employer infor-
mation (company name, city, and state), start and end dates of the job, occupation (SOC
title and code from the O*NET-SOC 2019 taxonomy), industry (NAICS6 title and code),
and a binary indicator of the current job (1 indicating the current job, and 0 otherwise).
Similarly, the selected education history fields include educational degree name (CIP6 ti-
tle), educational level name (bachelor’s, master’s, doctorate, etc.), start and end dates of
the degree, school name, and school location (city and state).

3.2 Data partitioning

Given the substantial size of the Lightcast dataset, it is essential to organize the resume
profiles into manageable partitions for convenience and ease of use. To achieve this, we
employ a hashing-based method that groups profiles based on the hashed value of their
unique identifiers. This approach allows us to efficiently split the original dataset into 284
distinct partitions, with each partition containing approximately 458,000 profiles, ensur-
ing a random and uniform distribution of data. These partitions are henceforth referred to
by the abbreviation “LC” followed by their sequential index numbers, from LCO to LC283.

3.3 Profile data cleaning and selection

For this study, we use resume profiles from 20 partitions (LCO to LC19), comprising ap-
proximately 10 million individuals. Given the volume of data and its inherently noisy na-
ture, there may be discrepancies, inaccuracies, or even fictitious profiles. We define the
following data filtering criteria to address these issues and ensure data quality as well as
identify relevant profiles:

1. Job Records: Every job record must include the job title, company name, city, state,
country, and start date. Past job records are also required to have end dates. Job
records with end dates preceding start dates were excluded.

2. Job Titles: Job titles are filtered to ensure they represent standard employment
positions. Non-occupational job titles, such as “student,” “intern,” or “owner, as well
as those merging multiple roles into single title were excluded from the profiles.
The LLM-based method for identifying such job titles is described in Sect. 4.1.

3. Education Records: Each education record must specify the degree obtained, start
date, end date, and school name. Only profiles with at least a bachelor’s degree
(BA+) were included as our work focuses on college-educated workers. The
college-educated workers are also well represented in the online resume data
compared to less-educated populations.

4. DPost-graduation Gap: Profiles with a post-graduation gap exceeding specific
thresholds are excluded to ensure that the first job record accurately reflects the
individual’s actual first position after graduation. The post-graduation gap is defined
as the time between completing a bachelor’s degree and starting full-time
employment. Notably, 68.73% of profiles exhibit a gap of one year or more. The
thresholds, established at the 75th percentile of the observed data, represent
maximum allowable gaps: 3.75 years for bachelor’s degree holders, 5.59 years for
master’s degree holders, and 8.25 years for doctoral degree holders. For instance, a
master’s degree holder should enter the workforce no later than 5.59 years after
obtaining their bachelor’s degree.
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Algorithm 1 Construct Linear Career Trajectory

Require: Job history H = {j1,/2,...,j.} with job records j; = (start;, end;)
Ensure: Career trajectory T
1: procedure CONSTRUCTTRAJECTORY(H)

2 Initialize T <« {}

3 Sort H by (start;, —end;) for all i and set T' < {j;}
4 for k=2 tondo

5 jm =lastjobin T

6: if (start, > end,,) then

7 T < T U {ji}

8 end if

9 end for
10: return 7'

11: end procedure

5.  Timeframe: Only profiles with job records from 1999 to 2022 are considered. This
timeframe corresponds with the years of wage data utilized in the study as
described with great details in Sect. 3.5.

After applying these criteria, the resulting set of approximately 1.5M profiles captures

the early career histories of individuals with a bachelor’s degree or higher, encompassing
standard employment from 1999 to 2022.

3.4 Career trajectories construction

Many resume profiles contain multiple temporally overlapping job records, complicating
career mobility analysis and making it challenging to accurately track career progression.
To address this, we constructed a linear career trajectory for each profile, consisting of
a sequence of job records where each record follows the previous one without any over-
lapping time periods. The job records are first sorted by start date followed by end date.
They are then sequentially added to the career trajectory one at a time skipping the ones
that overlap the previously added job record as outlined in Algorithm 1. Following the
construction to remove overlapping jobs, the average length of a linear career trajectory
is approximately 70% of the original job history length.

Given the career trajectories dataset, we selected all trajectories with a career length of 5
years or more. For those trajectories exceeding 5 years, we truncated them to include only
job records that started within the 5-year window. This step standardizes the observation
period across trajectories and selects the relevant early career phases for subsequent anal-
ysis. The final dataset used in the analysis, referred to as Career229K,* comprises 228,710

career trajectories.

3.5 Attribute value extraction

In this section, we outline the systematic process of extracting attribute values, such as
gender, race, and occupation, from resume profiles to enhance the richness of the Ca-
reer229K dataset. These extracted attributes serve as independent variables in subsequent

4Our naming convention combines the dataset type with its size — for example, Career229K represents a dataset with
approximately 229,000 individual career trajectories.
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regression analysis, enabling us to examine their association with individuals’ upward mo-
bility within their early careers.

Gender and Race: Each profile is categorized as either male or female for gender and
classified into one of the following races: White, Black, Asian, or Hispanic. To infer these
attributes without identifying the workers, we utilized a separate dataset provided by
Lightcast, containing only unique names extracted from the same set of profiles in our
dataset. We applied our gender and race classification models to this set of names and
shared the prediction results with Lightcast. They then added the inferred gender and
race values to the corresponding profiles and then sent the enriched anonymized pro-
files (without names) back to us. Gender was inferred using a maximum likelihood model
implemented with the Python package chicksexer,” achieving a testing accuracy of 93.4%
[27]. Race was inferred using a logistic regression classifier trained on multiple full-name
datasets, yielding a testing accuracy score of 84%.

Educational Attainment: Educational attainment is determined by the highest edu-
cational degree achieved (bachelor’s, master’s, or doctorate) within each individual’s ob-
served career trajectory. Generally, we expect that higher educational attainment is as-
sociated with greater upward mobility, because of increased access to higher-paying jobs
and career advancement opportunities.

Cohort: We classify individuals into generational cohorts based on their inferred birth
year, calculated by subtracting 23 (the average age of graduation) from the year they ob-
tained their Bachelor’s degree. To determine generation, we use definitions from the Pew
Research Center [10]. For instance, individuals born between 1981 and 1996 are classified
as Millennials, while those born between 1965 and 1980 are categorized as Generation X.
Belonging to different cohorts can be linked to career mobility in various ways, because
of different economic conditions at job market entry and distinct attitudes toward career
advancement.

Regional Economic Ranking: We use the decile of the gross domestic product (GDP)
of the state where individuals first started their careers as a proxy for local economic op-
portunity. States with higher GDP typically have larger job markets and a wider range of
employment options, providing greater potential for career advancement. To derive the
decile, we collected historical regional GDP data from the Bureau of Economic Analysis
(BEA) and computed the deciles of real GDP for each state and year. Then, we retrieved
the corresponding decile value for each profile based on the employer’s state and the start
year of the individual’s first job in their career trajectory.

Occupational Wage: Each job record is enriched with state-level occupational wage
information obtained from historical estimates provided by the Bureau of Labor Statistics
(BLS) for the years 1999 to 2022. We began by compiling all available regional wage data
from wage tables on the BLS website, which offered data from 1997 onward at the time of
this study. Two major challenges arose: incompatible SOC codes in older BLS wage tables
and the need to standardize the SOC codes across the tables. To resolve these issues, we
excluded any wage tables predating 1999 and standardized the SOC codes in the wage
tables by mapping the older 6-digit SOC codes to the 2019 version using O*NET-SOC
crosswalk tables.® Furthermore, we excluded incompatible SOC codes between the 2019

Shttps://github.com/kensk8er/chicksexer.

Chttps://www.onetcenter.org/taxonomy.html.
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and 2020 wage tables. For each job record, we retrieved the mean annual wage from the
wage tables based on the corresponding year, state, and 6-digit SOC code. In cases where
multiple possible SOC matches were possible, we computed the average wage across all
applicable SOC codes. Any missing occupational wage data for specific years and states
were imputed using linear interpolation.

Job Mobility: Job mobility is broadly defined as movement from one job to another re-
gardless of the nature of the moves. In our study, it is operationalized as the frequency of
job changes within the observed career trajectory. Our data indicates that some individ-
uals may exhibit an unusually high number of job changes. To mitigate the influence of
these outliers, we top-code the job change frequency at the 95th percentile, capping it at a
maximum of four jobs. Generally, job mobility is hypothesized to be positively associated
with upward mobility as frequent job changes can lead to opportunities for higher-paying
positions and skill development.

Job Change Types: To characterize the nature of job transitions within a career trajec-
tory, we define four categories of job change based on change in both firm affiliation and
occupation (as indicated by SOC codes):

+ Inter-firm Occupation Change (Type 1): The trajectory involves the worker making
some transition to a role in a different occupation at a different firm. Generally, this
type of change is positively associated with the highest potential for upward mobility.

« Intra-firm Occupation Change (Type 2): The trajectory sees the worker transiting
to a role in a different occupation within the same firm.

« Inter-firm Lateral Move (Type 3): The trajectory consists of transitions of the
worker to a role in the same occupation at a different firm.

« Intra-firm Lateral Move (Type 4): The trajectory involves the worker taking a role
in the same occupation within the same firm. This includes cases of occupational and
firm stability, where workers remain in the same firm and position. Generally, this type
of change is least likely to facilitate upward mobility, as it largely reflects continuity.

To capture these job changes, we assign four non-mutually exclusive dichotomous vari-
ables to entire career trajectories, indicating whether each category of job change is
present in an individual’s trajectory. Operationally, these variables are determined by com-
paring 8-digit SOC codes and company names between job records. For example, if a user
has made at least one Type-1 and one Type-2 job change but has never made any Type-3
or Type-4 changes in their career trajectories, their Type-1, Type-2, Type-3, and Type-4
indicators would be 1, 1, 0, and 0, respectively.

Occupation and Industry: Using its proprietary algorithms, Lightcast provides occu-
pation and industry information for each job record using 8-digit SOC codes from the
O*NET-SOC 2019 taxonomy and 6-digit industry codes from the North American In-
dustry Classification System (NAICS). These codes are inferred from the context of job
records, including job titles and company names. SOC codes not only serve as categorical
descriptors for job records but are also integral to various data processing steps in this
study, including deriving occupational wages and determining the nature of job changes.
Therefore, ensuring the accuracy of the SOC codes is crucial. A manual annotation con-
ducted by the first author of this study on 1240 job records associated with the 124 most
popular SOC codes revealed that Lightcast’s assigned SOC codes were approximately 63%
accurate at the 8-digit level, raising significant internal validity concerns. Incorrect SOC
assignments can distort career trajectories and lead to erroneous assessments of upward
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mobility, undermining the reliability of our findings. Consequently, we propose a method
to enhance SOC classification using large language models (LLMs) in Sect. 4.

4 Occupation classification using large language models

Fine-grained occupation classification, encompassing over a thousand unique SOC codes
and titles, is limited by the scarcity of open-source labeled training data. Without sufficient
labeled examples, traditional supervised learning methods often struggle to achieve the
accuracy required for reliable career mobility analysis. Meanwhile, large language models
(LLMs) have exhibited strong capabilities across a variety of natural language processing
(NLP) tasks, due in part to their in-context learning (ICL) abilities [7]. This allows LLMs
to adapt to new tasks with only a few examples, making them a promising option for ad-
dressing these data-scarce challenges.

4.1 FewSOC: few-shot batch prompting framework for SOC classification

We present FewSOC, our prompting framework for multi-class classification of SOC
codes using large language models (LLMs), which leverages the extensive knowledge of
jobs and occupations encoded within LLMs. The method consists of two steps: (1) initial
SOC generation using job title and company name as input and (2) SOC mapping and
matching using the initial SOC.

In the initial SOC generation step, a SOC label — comprising an occupational title and
an 8-digit code from the O*NET-SOC 2019 taxonomy — is generated for a given job title-
company name pair by an LLM via few-shot prompting. Additionally, the LLM is in-
structed to perform two auxiliary binary prediction tasks within the same prompt: (a)
detecting mentions of non-occupational roles, such as student, intern, etc., and (b) de-
tecting mentions of multiple occupational roles in a job record for the purpose of profile
filtering.

To minimize token usage and processing time when handling millions of job records
from the Lightcast dataset, we generate responses for multiple job records per inference
batch, similar to the batch prompting approach [11]. The prompt template is shown in E.

Since LLMs have limited precision in generating exact codes from large taxonomies
[28, 44], the SOC mapping and matching step addresses any invalid SOC codes produced
in the initial SOC generation step — those not found in the O*NET-SOC 2019 taxonomy.
Invalid SOC codes may arise from SOC codes belonging to older taxonomy versions or
from non-existent SOC codes. For each invalid SOC code, we iteratively look up O*NET-
SOC crosswalk tables to map older SOC versions to the 2019 version. If the process results
in multiple possible matches (1-to-many mappings), we then prompt the LLM to perform
a batch selection of the most likely SOC code. The prompt template can be found in E.
Finally, for each remaining invalid SOC code not found in the crosswalk tables, we measure
its similarity with all 1016 8-digit SOC codes in the O*NET-SOC 2019 taxonomy based
on the proportion of word overlap between their titles (in Algorithm 2), replacing it with
the closest match.

4.2 Experimental setup

To evaluate the accuracy of FewSOC, we first constructed a test set of representative oc-
cupations by sampling 11,920 job records — comprising job title-company name pairs —
from the job histories of all profiles in the LCO partition using the following steps:
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Algorithm 2 Word Overlap Similarity

Require: s: title of the queried SOC code
Require: ¢: title of the target SOC code
Ensure: Proportion of word overlap between s and ¢
1: procedure WORD_OVERLAP_SIM(S, t)
Convert s and ¢ to lowercase
Split s and ¢ into an array of words

length <— number of words in s

2
3
4 overlap <— number of words in s that are also in ¢
5
6 return overlap/length

7:

end procedure

1. We excluded job titles that contained non-alphanumeric characters or non-ASCII
characters.
We excluded job titles with more than seven words.
We selected 6-digit SOC codes provided by Lightcast that were associated with at
least 20 job records, resulting in 596 qualifying codes.

4. 'We randomly sampled 20 job records for each of the selected SOC codes, yielding

11,920 job records.

Note that the 596 SOC codes selected in step 3 may not necessarily reflect the true oc-
cupational distribution of the 11,920 job records, as these SOC codes may not be highly
accurate at the 6-digit level. Instead, they were used as a preliminary signal of most com-
monly represented occupations. We refer to this test set as Jobs12K.

Following the construction of Jobs12K, we performed SOC classification on the entire
set using our FewSOC method. A fixed set of k-shot examples (k = 17), shown in E, was
manually created. First, we selected a distinct set of 8-digit SOC codes from the O*NET-
SOC 2019 taxonomy. Next, we created job title-company pairs for the selected SOC codes
by randomly pairing relevant job titles with real and fictional companies and organiza-
tions, ensuring that the resulting examples did not appear in the test set. To achieve a
balance between efficiency and performance, we included five test samples per inference
batch. The initial SOC generation step was conducted via the OpenAl APIin August 2023,
using the GPT-3.5 Turbo model” (with a 4096-token context window), selected for its cost-
effectiveness, at a temperature setting of zero to encourage deterministic outputs. The
total API usage cost was $1.6 USD. We refer to the final set of SOC codes produced by
FewSOC simply as the FewSOC set.

4.3 Crowdsourced evaluation

4.3.1 Workers and task design

To compare the occupation codes provided by Lightcast (LC-SOC) and generated by Few-
SOC, we conducted a crowdsourced evaluation using Amazon Mechanical Turk (AMT).
We selected 27 qualified AMT workers based on the following criteria: (1) holding the
Mechanical Turk Masters qualification, granted to those who have consistently submitted

7In addition to GPT-3.5 Turbo, We also conducted a separate benchmarking experiment in October 2025 to evaluate the
performance of recent efficient LLMs using the exact same FewSOC methodology. The results of this experiment are
presented in the Appendix.
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Select an option
Input text (job title & company): 1: Totally inaccurate
cytogentic laboratory technologist ii, michigan state university 2: Slightly accurate 2
3: Moderately accurate 3
4: Totally accurate 4
Predicted occupation: Medical and Clinical Laboratory Technologists (29-2011.00) None of the above 5

Description: Perform complex medical laboratory tests for diagnosis, treatment, and
prevention of disease. May train or supervise staff.

Sample of job titles:

Biochemistry Technologist, Blood Bank Laboratory Technologist, Blood Bank Medical
Technologist, Blood Bank Technologist, Cath Lab Technologist (Catheterization Laboratory
Technologist), Chemistry Technologist, Clinical Laboratory Scientist (CLS), Clinical Laboratory
Technologist, Clinical Research Associate, Clinical Researcher, Differential Specialist,

Figure 1 Screenshot of an occupation validation HIT

high-quality results across a variety of Human Intelligence Tasks (HITs); (2) maintaining
at least 95% HITs approval rate from all their past HITs; and (3) achieving a score of 80 or
higher out of 100 on our qualification test, which consisted of five multiple-choice ques-
tions assessing the AMT workers’ basic understanding of job titles and occupations within
the O*NET-SOC taxonomy.

We designed our crowdsourcing tasks as occupation validation HITs, illustrated in Fig. 1.
For each HIT, workers were shown a job title-company name pair as input, an SOC title
and 8-digit predicted SOC code (from either LC-SOC or FewSOC) as the predicted oc-
cupation, and the corresponding SOC description along with sample job titles from the
O*NET-SOC 2019 taxonomy. Workers were instructed to evaluate the accuracy of the
predicted occupation based on the input text, selecting a rating from 1 (totally inaccurate)
to 4 (totally accurate) using the relevant information provided. Specifically, the following
criteria were considered in their assessments:

« Skills and knowledge: Predicted occupations sharing similar skills and knowledge with

the job in the input text should receive a higher rating.

« Job levels: Predicted occupations at a similar job level to that of the input job should

receive a higher accuracy rating. For simplicity, we focused on two major job levels:
(1) entry-level or experienced positions, and (2) management-level positions.

In addition, we provided a detailed definition and examples for each rating category,
emphasizing the distinction between ratings 2 (slightly accurate) and 3 (moderately accu-
rate). Particularly, workers were instructed to assign rating 3 if the predicted occupation
describes a related role that employs similar skills and knowledge and is at the same job
level or seniority. On the other hand, rating 2 should be assigned when the predicted occu-
pation describes a related role with similar skills and knowledge but at different job levels

or seniority.

4.3.2 Input data

To prepare input data for the occupation validation HITs from the Jobs12K set along with
the corresponding LC-SOC and FewSOC codes, we first excluded job records containing
the keywords, such as student, intern, or owner, as these were easily identifiable as non-

occupational titles. We then divided the remaining records into two disjointed sets:
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« Concordant set: Job records where the LC-SOC and FewSOC codes matched,
accounting for approximately 40% of the data.
« Discordant set: Job records where the LC-SOC and FewSOC codes differed, making
up the remaining 60%.
The final set of input data for the occupation validation HITs included all job titles-
company name pairs and associated SOC codes from the concordant set, which allows
us to evaluate cases where LC-SOC and FewSOC agree. Additionally, we included two
subsets from the discordant set: one containing LC-SOC codes and the other contain-
ing FewSOC codes, enabling us to compare divergent cases. By structuring the input data
this way, we effectively reduced the total number of HITs needed, lowering the cost of the
crowdsourcing tasks. This selection resulted in a total of 16,332 HITs for AMT workers

to complete.

4.3.3 Worker accuracy and inter-rater reliability

The study was approved by the Institutional Review Board (IRB) of Singapore Manage-
ment University under Category 1: Exempt from Further IRB Review (approval number
IRB-23-142-E039(923)). The occupation validation HITs were conducted between Octo-
ber 2 and October 4, 2023. Each HIT was assigned to three workers and took approxi-
mately 10 seconds on average to complete. For quality check, we closely monitored the
progress of the HITs and manually validated a small samples of up to 100 responses from
each worker, assigning an accuracy score to each. Workers were compensated $0.03 USD
for each approved HIT.

Most workers submitted accurate responses, with an average accuracy score of 0.83 (SD
= 0.13). Seventy-two percent of HITs included at least one worker who achieved an ac-
curacy score of 0.8 or higher. However, inter-rater reliability, measured by Krippendorff’s
alpha (), was relatively low (« = 0.093). Reliability was higher among workers with high
accuracy (o = 0.21) and in cases with obvious ratings of 4 (totally accurate) and 1 (totally
inaccurate), where o reached 0.52. Disagreements were most frequent when workers rated
predicted occupations as 3 (moderately accurate) or 2 (slightly accurate), requiring more
nuance. This suggests that making fine-grained occupation judgments at the 8-digit SOC

code level is very challenging for non-experts.

4.3.4 Performance evaluation of LC-SOC and FewSOC codes

There were 659 and 737 unique 8-digit SOC codes in the LC-SOC and FewSOC codes,
respectively. To evaluate the quality of LC-SOC and FewSOC codes, we began by calcu-
lating a skill-weighted aggregate rating for each job record and associated SOC by taking a
mean rating weighted by worker accuracy to reflect the relative reliability of each worker’s
responses. Among the discordant set, FewSOC codes achieved a higher aggregate rating
(mean = 3.17, SD = 0.66) than LC-SOC codes (mean = 2.95, SD = 0.74), indicating that
workers generally found FewSOC codes to be more accurate in case of disagreement. Next,
we binarized the aggregate ratings by applying thresholds of 3, signifying a reasonably con-
fident classification. SOC codes with ratings of 3 or greater were considered correct and
those below as incorrect. Finally, we computed a precision score for both FewSOC and LC-
SOC codes, where precision is defined as the number of job records with correct codes

divided by the total number of job records. FewSOC achieved precision scores of 0.72,
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Table 1 Distribution of demographic attributes in the Career229K dataset

Variable Category Count %
Gender Male 115,555 50.52
Female 113,155 4948
Race White 148,418 64.89
Black 32,003 13.99
Asian 29,718 12.99
Hispanic 18,571 8.12
Educational Attainment Bachelor's Degree 168,429 73.64
Master's Degree 48,882 2137
Doctorate 11,399 498
Social Generation Millennials 179,674 78.56
Generation X 49,036 21.44

which is significantly higher by 10.42% (p < 0.01; z-statistic = 10.85) than LC-SOC’s pre-
cision score of 0.65. These results indicate that our FewSOC framework is more effective
at SOC classification than Lightcast’s approach.

Given the superior performance of FewSOC in SOC classification, we chose to utilize
the framework to classify SOC codes for resume profiles in the Career229K dataset used
in the study.

5 Effects of gender, race, and job change on career mobility

With the accurately inferred SOC codes using FewSOC, we gather the career trajectories
and demographic attributes of individuals from the Career229K dataset and model their
career mobility using logistic regression models as described in Sects. 5.1 and 5.2 respec-

tively. The model results are subsequently discussed in Sect. 6

5.1 Career trajectories data

The main outcome variable of the analysis is on upward mobility, defined as a binary in-
dicator that denotes whether an individual has transitioned into a position with a higher
wage by the fifth year of their observed career trajectory. Specifically, let upward; denotes
the upward mobility outcome of individual i, and let w;; and w;s denote the wages of
individual i at the start of their career (first year) and in their fifth year, respectively. If
w;s — w;1 > 0 then upward; = 1; otherwise, upward; = 0.

The data used in the analysis includes 228,710 career trajectories from the Career229K
dataset, as described in Sect. 3.4. Each trajectory contains demographic attributes such as
gender, race, educational attainment, and social generation, along with key career-related
attributes about the individual’s first job. These include the SOC code, industry, occupa-
tional wage (i.e., individuals with the same SOC code share the same wage), and the re-
gional economic ranking at the start of their careers. Additionally, it incorporates four bi-
nary attributes representing different types of job changes within the career trajectory. The
process for extracting these attributes from the resume profiles is described in Sect. 3.5.

Among the individuals (college graduates) in the dataset, 53.71% achieved upward mo-
bility within the first 5 years of their career. The gender distribution was balanced, with
50.52% men and 49.48% women. The racial composition was as follows: 64.89% White,
13.99% Black, 12.99% Asian, and 8.12% Hispanic. See Table 1 for full demographic break-

downs.
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Table 2 Distribution of job change types in the Career229K dataset

Job Change Type Count %

Inter-firm Occupation Change (Type 1) 120,899 52.86
Intra-firm Occupation Change (Type 2) 60,138 26.29
Inter-firm Lateral Move (Type 3) 46,006 20.12
Intra-firm Lateral Move (Type 4) 54,991 24.04

Each count represents the number of individuals who have experienced at least one instance of each job change type in
their career trajectory.

Table 3 Distribution of occupations in the Career229K dataset

SOC Title (2-digit Code) Year 1 Year 5
Count % Count %

Management (11) 41,51 18.15 66,241 28.96
Legal (23) 4843 212 5736 251
Computer and Mathematical (15) 20,316 8.88 21,524 941
Healthcare Practitioners and Technical (29) 10,084 441 10,158 444
Business and Financial Operations (13) 37,148 16.24 36,752 16.07
Architecture and Engineering (17) 14,119 6.17 13,587 5.94
Arts, Design, Entertainment, Sports, and Media (27) 12,573 5.50 11,526 5.04
Community and Social Service (21) 6198 271 5612 245
Installation, Maintenance, and Repair (49) 982 043 835 037
Protective Service (33) 1404 061 1136 0.50
Life, Physical, and Social Science (19) 10,502 4.59 8428 3.69
Production (51) 1686 0.74 1339 0.59
Building and Grounds Cleaning and Maintenance (37) 299 0.13 230 0.10
Farming, Fishing, and Forestry (45) 121 0.05 93 0.04
Sales and Related (41) 22,956 10.04 17,055 746
Construction and Extraction (47) 583 0.25 433 0.19
Educational Instruction and Library (25) 16,894 7.39 12,321 539
Transportation and Material Moving (53) 1418 0.62 1028 045
Office and Administrative Support (43) 18977 8.30 11,600 5.07
Personal Care and Service (39) 2581 113 1362 0.60
Healthcare Support (31) 1266 0.55 632 0.28
Food Preparation and Serving Related (35) 2249 0.98 1082 047

Distribution of occupations by SOC titles and 2-digit codes, ranked from highest to lowest growth rates between Year 1 and
Year 5.

Table 2 provides the distribution of different job changes types in the dataset. For each
type, each count represents the number of users who have experienced at least one in-
stance of the corresponding job change type in their employment history. The majority
of individuals (52.86%) experienced inter-firm occupation changes (Type-1) at least once.
Intra-firm occupation changes (Type-2) accounted for 26.29% of individuals, while inter-
firm lateral moves (Type-3) represented 20.12% of individuals. Lastly, 24.04% of individu-
als experienced at least one instance of intra-firm lateral moves (Type-4).

Next, the majority of individuals began their careers in Management, Business and Fi-
nancial Operations, Sales and Related, or Computer and Mathematical occupations, col-
lectively representing 53.31% of all profiles, as shown in Table 3 and Fig. 2. After five years,
the top three occupations with the highest growth rates were Management, Legal, and
Computer and Mathematical. In contrast, the bottom three occupations with the largest
negative growth rates were Food Preparation and Serving Related, Healthcare Support,
and Personal Care and Service. This follows the intuition that most people tend to transi-

tion into higher-wage occupations while moving away from lower-wage ones over time.
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characters, e.g., “Mana” for Management. Self-transitions (stationary transitions) are excluded

Figure 3 presents a heatmap visualizing major occupational transitions from Year 1
(source occupation) to Year 5 (target occupation). Each cell in the matrix indicates the fre-
quency of transition between the corresponding source and target occupations, with color
intensity proportional to the frequency. The diagonal cells represent individuals who re-
mained in the same major occupation over the five-year period. The Management (Mana)
occupation exhibits the highest inbound transition frequency, functioning as a central des-
tination hub in the occupational transition network. This pattern is clearly visible in the
dark column corresponding to “Mana” as the Target Occupation. Specifically, the three
most frequent transitions between major occupations are all inbound to Management,
occurring from: Business and Finance Operations to Management, Sales and Related Oc-

cupations to Management, and Office and Administrative Support to Management.
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5.2 Career mobility modeling

To examine factors predictive of individuals® likelihood of achieving upward mobility
within the first five years of their career, we fit four logistic regression models to estimate
the effects of the independent variables on the dependent variable (upward mobility), con-
sidering both main effects and interactions. While our data clearly exhibit a nested struc-
ture (e.g., individuals within firms and occupations), we employ standard logistic regres-
sion for the main analysis for several methodological and substantive reasons. Importantly,
the modeling choice aligns with our research questions, which focus on population-level
gender and racial disparities in career mobility rather than cluster-specific effects.

First, logistic regression coefficients correspond to population-averaged effects, which
represent weighted averages across heterogeneous groups. These estimates are typically
more conservative than cluster-specific effects and are highly relevant for policy analysis,
as they capture the average expected impact of interventions (e.g., reducing wage gaps,
facilitating job mobility) across the entire population, irrespective of unobserved cluster
characteristics. Second, this modeling choice facilitates direct comparison with the ex-
tensive body of mobility and labor economics research that relies on standard generalized
linear models (GLMs). Finally, the resulting odds ratios offer straightforward interpreta-
tion for both scholarly and policy audiences. To ensure that these population-averaged
estimates are not biased by unobserved cluster-level heterogeneity, we also provide mul-
tilevel sensitivity analyses in the Appendix.

We apply N-1 dummy coding, setting the reference categories for categorical variables.
Specifically, we set ‘Male’ as the reference for gender, “White’ for race, ‘Bachelor’s degree’
for educational attainment, ‘Generation X’ for social generation, ‘Management’ for occu-
pation, and ‘Agriculture, Forestry, Fishing, and Hunting’ for industry. Crucially, our anal-
yses aim to establish statistical associations and predictive relationships between these
variables, not causal effects. The model specifications are as follows.

Main-effect Model: Model 1 examines how socioeconomic variables, including gender,
race, educational attainment, social generation, regional economic ranking, occupational
wage (logarithmic scale), job mobility, and the three job change types (Types 1, 2, and 3)
predict upward mobility. Type-4 job change is omitted due to its inherent relationship
with the other job change types, which could introduce multicollinearity into the model.
Additionally, we control for the occupation (2-digit SOC) and industry (2-digit NAICS)
categories.

Interaction Models: We explore how gender (Model 2) and race (Model 3) are associ-
ated with upward mobility in relation to all three job change types (Types 1, 2, and 3). In
addition, Model 4 incorporates interaction effects between race and all three job change
types, stratified by gender cohort, to capture nuanced differences across both racial and
gender groups.

The analysis was conducted using the Python programming language (3.11.5) with the
following libraries: pandas (2.0.3), Numpy (1.24.3) and Statsmodels (0.14.0).

6 Results and discussion

We examine the research questions by presenting and interpreting the regression results
outlined in Table 4. Specifically, we aim to uncover the effects of job change types and de-
mographic factors on upward mobility (RQ1) and explore how gender and race are linked
to these outcomes (RQ2).
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Table 4 Estimated coefficients for main effects and key interaction terms in Models 1-4

Variable Model 1 Model 2 Model 3 Model 4

Male Female
Intercept 20.9428* 20.901* 20.938% 20.8066* 21.1082*
Female -0.153* -0.0781* -0.1529*% - -
Black -0.0701* -0.0701* -0.06247 -0.09317 -0.0464
Asian 0.1328* 0.1332* 0.1776* 009917 0.2732
Hispanic 0.0234 0.0236 0.0639 0.0365 0.0947
Doctorate 1.2052* 1.2058* 1.2045* 1.1806* 1.2577*%
Master's Degree 0.4082* 0.4083* 0.4079*% 0.4046* 0.4155%
Millennials 0.1739* 0.1738* 0.1736* 0.1831* 0.1633*
Regional Economic Ranking 0.0217* 0.0217% 0.0217* 0.0149* 0.0295*
Log(Wage) -2.0908* -2.0905* -2.0911* -2.0749*% -2.1254*
Job Mobility 0.495% 04951% 0.4948* 0.5119% 0.4784%
Type-1 Change 0.9338* 0.9625*% 0.9379* 0.9284* 0.948*%
Type-2 Change 0.9506* 1.0027* 0.9672% 0.9836* 0.9477%
Type-3 Change 0.7965* 0.8458* 0.8193* 0.8481* 0.7847*
Female x Type-1 Change - -0.0582% - - -
Female x Type-2 Change - -0.1049*% - - -
Female x Type-3 Change - -0.0989* - - -
Black x Type-1 Change - - -0.0041 0.051 -0.0379
Asian x Type-1 Change - - -0.017 0.0685 -0.1123"
Hispanic x Type-1 Change - - -0.0114 -0.0093 -0.02
Black x Type-2 Change - - 0.0156 0.0964 -0.0241
Asian x Type-2 Change - - -0.1007% -0.1162f -0.0779
Hispanic x Type-2 Change - - -0.0724 -0.091 -0.0506
Black x Type-3 Change - - -0.0469 -0.0522 -0.025
Asian x Type-3 Change - - -0.0649 -0.026 -0.1021
Hispanic x Type-3 Change - - -0.0878 -0.0535 -0.1194

Note: Reference Categories: Male (Gender), White (Race), Bachelor’s degree (Educational Attainment), Generation X (Social
Generation), Management (Occupation), and Agriculture, Forestry, Fishing, and Hunting (Industry). 1 denotes p < 0.05, %
denotes p <001, and * denotes p < 0.001.

To facilitate the comparison of estimates across models, Fig. 4 displays a coefficient plot
for the main effects and key interaction terms. In this figure, statistical significance of each
estimate is encoded as follows. Significant coefficients (p < 0.05) are displayed using the
full, distinct model colors. In contrast, insignificant coefficients (p > 0.05) are displayed
using gray-filled shapes. The coefficients for all control variables are presented in Supple-
mentary Fig. D1 in the Appendix.

6.1 RQ1: effects of job change types and demographic factors on upward
mobility

The results indicate that all three types of job change — Type-1, Type-2, and Type-3

changes — are significantly associated with upward mobility (p < 0.001). Among them,

Type-2 change (intra-firm occupational change) has the strongest positive effect on

achieving upward mobility, followed by Type-1 (inter-firm occupational change), and

Type-3 (intra-firm lateral move) changes.

Several demographic factors, including gender, race, and educational attainment, also
play a significant role. Specifically, among disadvantaged and minority populations,
women face greater challenges in attaining upward mobility than men (p < 0.001), and
Black college graduates are at a greater disadvantage in achieving upward mobility than
their White peers (p < 0.001). In contrast, Asian college graduates are more likely to
achieve upward mobility than White college graduates (p < 0.001). No significant dif-
ferences are observed between Hispanic and White college graduates in career mobility
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Figure 4 Coefficient plot of estimated coefficients for main effects and key interaction terms in Models 1-4.
Statistical significance is visually encoded: Coefficients significant at p < 0.05 are displayed in their full, distinct
model colors, while insignificant coefficients (p > 0.05) are displayed using gray-filled shapes

outcomes. Educational attainment follows a clear trajectory. Specifically, those with doc-
toral degrees are the most likely to experience upward mobility, followed by those with
master’s degrees, while those with bachelor’s degrees have the lowest likelihood among
the three groups (p < 0.001).

Importantly, these population-averaged effects are robust to unexplained heterogeneity
across occupation, industry, state, cohort, and firm size levels. The multilevel sensitivity
analysis in the Appendix (Models 1A—4F) shows that the coefficients for gender and race
remain directionally consistent and credible across all models. This suggests that the ob-
served disparities are not artifacts of workers being concentrated in particular clusters,

instead, they reflect systematic population-level differences.

6.2 RQ2: gender and race differences in upward mobility outcomes

The analysis confirms significant gender and race disparities in upward career mobility.
Firstly, women are consistently less likely to achieve upward mobility across all job change
types (p < 0.001). The strong negative interaction effects between being female and Type-
2 and Type-3 job changes are especially notable. This indicates that, whenever women
change jobs within the same or different firms, they tend to experience lower returns on
career mobility than men.

Compared to gender, the interaction effects between race and upward career mobility
are more limited. Specifically, no significant interaction effects between race and upward
mobility are observed, except for a negative interaction effect between Asian workers and
Type-2 job change (p < 0.01). The finding suggests that intra-firm transitions tend to be
more effective for White than Asian workers.
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More nuanced patterns are observed when considering the complex interplay between
gender, job change types, and racial differences among male and female cohorts. No sig-
nificant interaction effects between race and job change types are observed, except for two
cases. Firstly, Asian women with Type-1 job changes are significantly at a greater disad-
vantage in achieving upward mobility than White women (p < 0.05). Secondly, Asian men
with Type-2 job changes are less likely to experience upward mobility than White men
(p < 0.05). The results suggest that while different job change types contribute to career
mobility, their effects are also conditioned by both gender and race, albeit to a limited
extent.

Notably, these interaction effects are robust when accounting for unobserved hetero-
geneity via joint random effects for firm size and occupation. The multilevel sensitivity
analysis (Models 2F—4F in the Appendix) confirms that the negative Female x Type-2 and
Type-3 interactions, as well as the Asian x Type-2 effect for men, remain credible. Addi-
tionally, the mixed-effects models reveal new intersectional patterns: Asian men show ad-
vantages in Type-1 changes, Black men experience gains in Type-2 changes, Asian women
experience disadvantages in Type-1 and Type-3 job changes, and Hispanic women face
disadvantages in Type-3 changes. These findings highlight subtle, context-dependent dif-
ferences in upward mobility that are not fully captured by the population-averaged esti-
mates.

7 Limitations and future work

In-context examples: In this work, we manually engineered a fixed set of in-context ex-
amples for FewSOC. While this approach yielded substantial improvements over Light-
cast’s SOC predictions, it may not guarantee optimal performance and could lead to vari-
ability in the quality and representativeness of the examples. Moreover, the manual se-
lection method is time-consuming and inherently subjective. Future research should ex-
plore more systematic methods for selecting in-context examples, such as KNN-based ap-
proaches [30], to further enhance the effectiveness of FewSOC.

Predicted SOC Codes: The accuracy of predicted SOC codes, while significantly im-
proved by our FewSOC framework compared to Lightcast, remains a potential source of
error in this study. Misclassifications of job roles due to prediction errors can bias career
trajectory patterns and skew coefficient estimates in regression analyses. The impact of
these errors might differ across various occupations, potentially resulting in misleading
conclusions for certain groups.

Inter-rater reliability: The low inter-rater agreement among AMT workers raises con-
cerns about the validity of the crowdsourced evaluation of SOC codes. Although we imple-
mented skill-weighted rating aggregation to mitigate this issue, further efforts are needed
to improve the reliability and consistency of human annotation in future studies. This
could involve providing more comprehensive training for SOC coding, establishing clearer
guidelines, or using more advanced techniques for quality control.

Gender and race inference: Our measures of gender and race are derived algorith-
mically and are therefore less precise than self-reported survey data. This limitation is
particularly relevant for race classification, where name-based methods exhibit uneven
performance across groups. Inferences for Black and Asian names tend to be less accurate
than White and Hispanic names, which introduces a known form of measurement error
into the regression models. Econometric theory suggests that such errors in explanatory
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variables generally dampen estimated effects rather than produce spurious associations.
Therefore, the coefficients on race should be interpreted as conservative estimates. Read-
ers should keep these in mind when interpreting the magnitude of the estimated race ef-
fects, especially for Black and Asian workers. Future research could enhance the precision
of demographic inference by incorporating additional signals (e.g., images) as such data
become more widely available in online resume databases.

Representation bias: The study utilizes online resume profiles which provide a sample
of online job seekers and may not accurately represent the entire U.S. workforce. Individ-
uals with higher education levels, strong online presences, those with well-established ca-
reers, or those actively seeking employment may be overrepresented. Online job searches
have played an increasingly central role in how people find work, especially for college
graduates, surpassing other means such as personal or professional connections [43]. An
estimated 60% to 70% of all job vacancies are posted online, with a disproportionate num-
ber of them for high-skilled jobs [9]. Almost 80% of Americans have searched for jobs
online in the last two years [43]. Therefore, we expect the online resume data to repre-
sent the highly-educated workforce reasonably well, which is our focus. Future research
could consider addressing potential representation biases from online sources, particu-
larly when studying a broader population.

Definition of upward mobility: We define upward mobility solely on wage increases
over five years. This may not fully capture all aspects of career mobility, such as socioe-
conomic status or occupational privileges. Based on the assumption that there is a strong
positive correlation between wage and other socioeconomic factors, we believe wage in-
crease is a reasonable proxy for upward mobility. Moreover, we use occupational average
wage rather than individual wage to assess upward mobility. This underestimates wage
variation among individuals within the same occupation. Future research could incorpo-
rate more granular firm- or geographic-level data to improve accuracy as such information
becomes available.

Scope of analysis: The study focuses on the first five years of an individual’s career.
Expanding the analysis to a longer horizon would provide additional insight into long-
term career trajectories and upward mobility patterns beyond the initial career stage.

8 Conclusion

This study systematically examines how job changes, both within and across firms, shape
upward mobility among college graduates in the U.S. and how the returns to job mobil-
ity vary by gender and race/ethnicity. We first addressed major challenges in analyzing
career trajectories: the presence of inaccurate occupational labels, missing demographic
attributes, and incomplete wage data, through various data processing, integration, and
cleaning steps, as well as large language models (LLMs). Specifically, we developed Few-
SOC, an LLM-based occupation classification framework that improves Standard Occu-
pation Classification (SOC) coding accuracy. A crowdsourced evaluation with qualified
Amazon Mechanical Turk (AMT) workers confirmed its accuracy over existing SOC la-
bels, providing more precise career trajectory data for the analysis.

The study advances the existing literature by shifting the focus to an increasingly salient
segment of the workforce — individuals with at least a bachelor’s degree — who navigate
a labor market that is often marked by high job mobility and evolving career trajectories.
Additionally, our study moves beyond prior research by explicitly differentiating between
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intra-firm and inter-firm mobility and analyzing them in a unified framework, recogniz-
ing that these distinct pathways may yield different career returns. By leveraging online
resume data, we construct longitudinal career trajectories over five years for workers from
four major ethnoracial groups. Importantly, our approach allows us to distinguish among
different types of job transitions.

Our findings reveal that while job changes — both within and between firms — are gen-
erally associated with upward mobility, the magnitude of these returns varies notably by
gender and, to a lesser extent, by race/ethnicity. Women tend to experience lower returns
from job changes compared to men, regardless of whether they move within or across
firms. This finding highlights persistent gender disparities in career progression. In terms
of racial differences, our results indicate that Asian graduates face lower returns to job
mobility compared to their White counterparts, while other racial/ethnic groups do not
exhibit significant disadvantages in career mobility outcomes. It is essential to note that
these results reflect statistical associations and differential career outcomes, not direct
causal claims, given the observational nature of the data.

Critically, these disparities are generally robust to unobserved heterogeneity at the oc-
cupation and firm-size levels, as shown in the multilevel sensitivity analysis. Furthermore,
the mixed-effects models reveal additional complex intersectional patterns between race
and mobility: Asian men experience advantages in Type-1 changes, Black men gain from
Type-2 changes, Asian women face disadvantages in Type-1 and Type-3 changes, and
Hispanic women experience disadvantages in Type-3 changes. These nuanced patterns
highlight context-dependent differences in upward mobility that are not fully captured by
population-averaged estimates.

By systematically distinguishing between different forms of job mobility and analyzing
their differential effects across gender and racial/ethnic groups, our study provides a more
comprehensive understanding of labor market inequalities in career advancement among
the most educated segment of the population. Our findings underscore the need to con-
sider how structural barriers—such as gendered constraints in negotiation, occupational
sorting, or differential access to career-advancing opportunities—may limit the benefits
of mobility for highly educated women. Moreover, the observed racial disparities, particu-
larly among Asian graduates, raise important questions about whether returns to mobility
are moderated by factors such as occupational segregation, employer biases, or industry-
specific mobility patterns. Our findings call for further research into the mechanisms that

sustain gender and racial disparities in career advancement.

Appendix A: Race classification evaluation
The race classification model used for inferring race category from full names in the Ca-
reer229K dataset was the Logistic Regression model trained on the Combined set, an ex-
tensive dataset comprising millions of full names from multiple labeled datasets, including
the U.S. Census, Wikipedia, and Inmate records. This dataset covers the four primary cat-
egories used in the study: White, Black, Asian, and Hispanic. Standard precision (P), recall
(R), and F1 scores were used as evaluation metrics.

The model achieved a micro-averaged F1 score of 0.83 on the Combined test set, which
comprises approximately 1.36 million names. As shown in Table A1, performance varies
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Table A1 Performance of Two-stage ML/Voting Model on the Combined test set

Racial Category p R F1

White 0.85 093 0.89
Black 0.72 047 0.57
Asian 0.75 04 0.52
Hispanic 0.84 0.82 0.83
Macro-average 0.79 0.66 0.70

across categories: the model achieved strong F1 scores for White (0.89) and Hispanic
(0.83) names but significantly lower scores for Black (0.57) and Asian (0.52) names, re-
sulting in a macro-averaged F1 of 0.70.

This disparity reflects well-documented limitations in name-based classification meth-
ods. For the Black category, shared surnames with White Americans mean that classi-
fication relies more heavily on distinctive first names; when such patterns are weak or
absent, predictive performance declines. The Asian category encompasses diverse sub-
groups (East Asian, South Asian, and Southeast Asian) with heterogeneous naming con-
ventions, which require broader coverage and diversity in the training data.

We acknowledge the lower prediction accuracy for Black and Asian names. Neverthe-
less, this measurement error in the inferred race category variable is expected to impact
the main regression analysis in a specific and predictable way. Crucially, measurement
error in an independent variable (the inferred race) tends to attenuate estimated coeffi-
cients toward zero, rather than introduce spurious associations This attenuation bias (also
known as regression dilution bias) is well-documented. Furthermore, systematic misclas-
sification in name-based race inference methods has been observed, with studies indi-
cating that such errors are correlated with demographic and socioeconomic factors [26].
Taken together, these findings suggest that any observed race-related effects in our regres-
sion analyses are likely conservative estimates. Readers should interpret the magnitude of
these coefficients with this caution in mind.

Appendix B: Benchmarking recent LLMs for SOC classification

We conducted an additional set of experiments to benchmark the performance of recent,
efficient LLMs against GPT-3.5 Turbo for the task of SOC classification. The goal was
to assess the current generation of low-latency, low-cost models on the large-scale SOC
classification task. The following models were selected:

+ GPT-4.1 Mini: A recent efficient model from OpenAl, designed for high-throughput
classification tasks with low latency and cost.

+ Gemini 2.5 Flash: The latest small model from Google in the Flash family, designed
to balance efficiency and capability. Compared to earlier Flash models, it has
enhanced reasoning abilities.

+ Llama 3.1 8B Instruct: A widely used open-weight model from Meta, representing
the current generation of small-to-medium open models.

We intentionally excluded large reasoning models such as GPT-5 or Llama 4, as these

models incur substantially higher latency and token usage than non-reasoning variants
(e.g., GPT-4.1 Mini), making them less practical for large-scale SOC classification and

less suitable benchmarks for comparison against GPT-3.5 Turbo.
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Table B1 Performance of selected efficient LLMs on the Jobs12K dataset

Model Accuracy
GPT-4.1 Mini 0.6073
Gemini 2.5 Flash 0.7425
Llama 3.1 8B Instruct 04722
GPT-3.5 Turbo 0.7195

All models were assessed using the Jobs12K test set and the exact same methodology as
the original experiment, including the same FewSOC prompting strategy and evaluation
pipeline. All experiments were conducted using the APIs accessible on the OpenAl and
Google Vertex Al platforms in October 2025.

While the ground truth in the main paper was established by annotating prediction sam-
ples from GPT-3.5 Turbo and the dataset provider (LightCast) using Amazon Mechanical
Turk workers, this approach becomes prohibitively expensive and time-consuming when
evaluating a large number of models and the expanded pool of predicted labels they gen-
erate.

Therefore, for this experiment, we utilized the LLM-assisted ground truth SOC labels
constructed by Achananuparp et al [1], leveraging the same Jobs12K dataset. This ap-
proach utilizes GPT-40 as an expert annotator (LLM-as-a-Judge) to select the final ground
truth from a combined pool of predicted candidates. The final ground truth labels repre-
sent the majority vote of three independent GPT-40 runs, where the model was tasked
with selecting the most appropriate SOC label(s) from a shuffled list of all candidates gen-
erated by the tested methods.

The accuracy scores for all models on the Jobs12K test set are presented in Table B1.
Firstly, Gemini 2.5 Flash achieved the highest accuracy (0.7425), outperforming the GPT-
3.5 Turbo benchmark by 2.3 percentage points. Despite being a newer efficient GPT-
based model, GPT-4.1 Mini (0.6073) performed significantly poorer than GPT-3.5 Turbo
(0.7195). This unexpected result suggests that the architectural trade-offs made to opti-
mize GPT-4.1 Mini may have compromised the model’s ability to handle SOC classifi-
cation. Lastly, The Llama 3.1 8B Instruct model lagged substantially behind all the other
models, achieving an accuracy of 0.4722. This finding is consistent with recent studies [1],
which similarly showed the comparatively poor performance of Llama models in the SOC

classification task.

Appendix C: Multilevel sensitivity analysis

We conducted a multilevel sensitivity analysis using Generalized Linear Mixed Models
(GLMMs) to test the robustness of the main effects estimated in our primary logistic re-
gression models (Models 1-4) against unobserved within-cluster heterogeneity. Specifi-
cally, we fit several mixed-effect logistic regression models using the Career229K dataset
and Binomial Bayes Mixed GLMs in StatsModels v.0.14.

The goals of the sensitivity analysis were two-fold: (1) To verify the stability of the di-
rection and significance of main effects and interactions identified in Models 1-4 when
accounting for unobserved cluster-level variance; and (2) to estimate more precise cluster-
specific fixed effects, controlling for heterogeneity at higher levels such as major occupa-

tions, major industries, states, etc.
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Table C1 Random Effect Components and Descriptions

Label Random Effect Description

A Major Occupation Major O*NET occupation (2-digit SOC code)

B Major Industry Major NAICS industry (2-digit NAICS code)

C State US State

D Job Start Year Career entry year cohort

E Firm Size Group Firm size group (Mega, Large, Medium, Sparse)

All random effects are measured at the start of the career.

C.1 Random effects structure

We systematically incorporated five sources of clustering, summarized in Table C1, in-
cluding Major Occupation, Major Industry, State, Job Start Year (Career Entry) Cohort,
and Firm Size Group. Each random effect represents a potential source of unobserved het-
erogeneity in upward mobility outcomes.

State and Job Start Year were included to account for regional and cohort clustering
effects, respectively. Although these variables weren't utilized in the main paper’s analysis,
they are available in the Career229K dataset and allow us to model location- and career-
entry-specific heterogeneity in upward mobility outcomes.

Since most individual firms have very few observations (i.e., individual worker pro-
files), using individual firms as a random effect would produce unstable estimates. To
address this, we introduced a Firm Size Group variable, aggregating firms into four cate-
gories based on the number of workers represented in the dataset: Mega (>300 workers),
Large (101-300 workers), Medium (10—100 workers), and Sparse (<10 workers). These
thresholds were heuristically selected to balance granularity with sufficient sample sizes
per group, ensuring stable random effect estimates while capturing meaningful organiza-
tional differences. Mega firms generally correspond to large corporations in sectors such
as retail, technology, finance, and consulting (e.g., Target, Google, Meta), whereas Sparse
firms include small or niche organizations. By modeling firm size groups rather than in-
dividual firms, we capture firm-level heterogeneity without introducing sparsity-related

instability.

C.2 Robustness tests for individual random effects
We first evaluated the influence of each clustering factor independently by estimating
Model 1 (main effects only) under five specifications, denoted Models 1A through 1E:

+ Model 1A: Random intercept for Major Occupation

+ Model 1B: Random intercept for Major Industry

+ Model 1C: Random intercept for State

+ Model 1D: Random intercept for Job Start Year

+ Model 1E: Random intercept for Firm Size Group

As shown in Table C2, the direction and credibility of the main fixed effects — gen-
der, race, educational attainment, and generational cohort — remained consistently stable
across all model specifications, with most effects showing 95% credible intervals excluding
zero (“credible effects”). Random-effect variance components suggest that all five cluster-
ings contribute meaningfully to unexplained heterogeneity, with particularly notable vari-

ance attributable to Firm Size Group and Major Occupation.
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Table C2 Posterior means for fixed effects, interaction terms, and random effects in Models 1A-1E

Variable 1A 1B 1C 1D 1E
Intercept -1.1047*% -1.1046* -0.9937* -13167* -1.0581*%
Female -0.1534*% -0.1534*% -0.1566* -0.1546* -0.1520%
Black -0.0703* -0.0703* -0.0690* -0.0730* -0.0717%
Asian 0.1331* 0.1331* 0.1302* 0.1288* 0.1270*
Hispanic 0.0234 0.0234 0.0217 0.0192 0.0236
Doctorate 1.2081* 1.2081* 03117* 0.0975* 0.0135*
Master’s Degree 0.4090* 0.4090* -0.0045* 0.1792* 0.0516*
Millennials 0.1744* 0.1744* 0.0416* 0.2674* -0.0745*%
Regional Economic Ranking 0.0416* 0.0416* -0.1984* 0.3130* 1.2010*
Log(Wage) -0.9984* -0.9984* 0.0672* 0.3298* 0.1797*
Job Mobility 0.5950* 0.5950* 0.0105* 0.3360* 04053*
Type-1 Change 0.9354* 0.9354* 0.9333* 09316* 0.9409*
Type-2 Change 0.9527* 0.9527* 0.9529* 0.9492* 0.9483*
Type-3 Change 0.7982* 0.7982* 0.7991* 0.7974* 0.8054*
Major Occupation (RE) 0.0138* - - - -

Major Industry (RE) - 0.0131* - - -

State (RE) - - 0.0122* - -

Job Start Year (RE) - - - 0.0127* -

Firm Size Group (RE) - - - - 0.0365*

Note: Reference Categories: Male (Gender), White (Race), Bachelor’s degree (Educational Attainment), Generation X (Social
Generation), Management (Occupation), and Agriculture, Forestry, Fishing, and Hunting (Industry). Posterior means of
fixed-effect coefficients and random-effect (RE) variance components are shown. * denotes effects whose 95% credible
intervals exclude zero.

C.3 Joint random effects structure and interaction models

Based on the posterior variance estimates from individual random-effect components, we
identified Firm Size Group and Major Occupation as the most influential sources of unob-
served heterogeneity in upward mobility outcomes. These clusters correspond to mean-
ingful organizational and occupation-specific contexts that are theoretically expected to
predict career trajectories. For instance, larger firms may offer more structured mobility
pathways and resources, while occupations differ in skill requirements, labor market de-
mand, and advancement opportunities.

Accordingly, we constructed a more stringent random-effects structure for the subse-
quent interaction models, jointly including these two components as random intercepts
while retaining all group-level variables as fixed effects. This specification allows us to ac-
count for the largest sources of baseline heterogeneity without overly increasing model
complexity, ensuring stable and interpretable estimates of population-averaged interac-
tion effects.

The resulting mixed-effect model specifications were as follows:

+ Model 1F: Main effects with random intercepts for Major Occupation and Firm Size

Group

« Model 2F: Main effects and Gender x Job Change Type interactions with the same

random intercepts

+ Model 3F: Main effects and Race x Job Change Type interactions with the same

random intercepts

« Model 4F: Main effects and Race x Job Change Type interactions stratified by gender

with the same random intercepts

These models allow us to test interaction hypotheses while controlling for the most crit-

ical cluster-level heterogeneity.
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Table C3 Posterior means for fixed effects, interaction terms, and random effects in Models 1F-4F

Variable 1F 2F 3F 4F

Male Female
Intercept -1.058* -1.0958* -1.0669* -1.2127* -1.0501*
Female -0.152* -0.077* -0.1518* - -
Black -0.0717* -0.0718* -0.0652* -0.0955% -0.0504*
Asian 0.127* 0.1274* 0.1699* 0.0898* 0.2672*
Hispanic 0.0236 0.0238 0.0632* 0.0343 0.0953*
Doctorate 1.201* 1.2017* 1.2005* 1.1791* 1.2514*
Master's Degree 04053* 0.4054* 0.405* 04017* 0413*
Millennials 0.1798* 0.1796* 0.1794* 0.1891* 0.1689*
Regional Economic Ranking 0.0364* 0.0365* 0.0364* 0.0235* 0.0511*
Log(Wage) -1.0004* -1.0003* -1.0006* -0.9622* -1.0337*
Job Mobility 0.5935* 0.5936* 0.5933* 0.6058* 0.5804*
Type-1 Change 0.9409* 0.9692* 0.9446* 0.9343* 0.9558*
Type-2 Change 0.9484* 1.0005* 0.9647* 0.9819* 0.9445*
Type-3 Change 0.8054* 0.856* 0.8274* 0.8564* 0.7925*
Female x Type-1 Change - -0.0573* - - -
Female x Type-2 Change - -0.1049* - - -
Female x Type-3 Change - -0.1015* - - -
Black x Type-1 Change - - -0.0026 0.0524 -0.0354
Asian x Type-1 Change - - -0.0152 0.0719* -0.1118*
Hispanic x Type-1 Change - - -0.0105 -0.0076 -0.0197
Black x Type-2 Change - - 0.0164 0.0973* -0.0226
Asian x Type-2 Change - - -0.0991* -0.1135* -0.0767
Hispanic x Type-2 Change - - -0.0713* -0.0885 -0.0496
Black x Type-3 Change - - -0.0453 -0.05 -0.0232
Asian x Type-3 Change - - -0.0616* -0.0216 -0.0987*
Hispanic x Type-3 Change - - -0.0862* -0.0498 -0.1187*
Firm Size Group (RE) 0.0365* 0.0365* 0.0365* 0.0425* 0.0436*
Major Occupation (RE) 0.0138* 0.0138* 0.0138* 0.0186* 0.0186*

Note: Reference Categories: Male (Gender), White (Race), Bachelor’s degree (Educational Attainment), Generation X (Social
Generation), Management (Occupation), and Agriculture, Forestry, Fishing, and Hunting (Industry). Posterior means of
fixed-effect coefficients and random-effect (RE) variance components are shown. * denotes effects whose 95% credible
intervals exclude zero.

Tables C3 presents the posterior means of fixed-effect coefficients and random-effect
variance components for Models 1F-4F. Asterisks (*) indicate effects whose 95% credible

intervals exclude zero.

C.4 Results and discussion
Table C3 reports the posterior means of fixed-effect coefficients, interaction terms, and
random-effect variance components for Models 1F—4F. To complement the tabular pre-
sentation and aid comparison of estimates across models, Figs. C1 and D2 provide coef-
ficient plots that visualize the same estimates along side the corresponding main effects
from Models 1 — 4. Statistical significance and credibility are visually encoded through
color: coefficients significant at (p < 0.05) or whose 95% credible intervals exclude zero
are displayed in distinct model-specific colors, whereas non-significant or non-credible
estimates are rendered in gray. To enhance visual discrimination when estimates are simi-
lar in magnitude, markers are slightly jittered horizontally. Figure C1 focuses on the main
predictors and key interaction terms, while Fig. D2 presents the full set of control vari-
ables.

Main Effects (Model 1F): Models 1F—4F confirm that the primary main-effect findings
from Models 1-4 are robust to the inclusion of the most influential random effects. Pos-
terior means for Female, Black, and Asian remain credible and directionally consistent
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Figure C1 Coefficient plot of estimated effects for main predictors and key interaction terms across Models
1-4 and 1F-4F. Statistical significance and credibility are indicated through color: coefficients significant at
(p < 0.05) or deemed credible are shown in distinct model-specific colors, whereas non-significant (p > 0.05)
or non-credible estimates are rendered in gray. To enhance visual discrimination when estimates are similar,
markers are horizontally jittered slightly

across all models, indicating that gender and racial disparities in upward mobility are not
explained away by cluster-level heterogeneity in occupation, firm size, or other sources.

In contrast, the Hispanic effect, which was not significant across all main models, be-
comes credible in two of the interaction specifications — Models 3F and 4F for female
workers. This suggests that once unobserved heterogeneity is appropriately modeled, pre-
viously masked racial advantages for Hispanic workers emerge in specific contexts, partic-
ularly among Hispanic women in certain job-mobility patterns. This nuance refines RQ2’s
findings by revealing that Hispanic effects are not uniformly weak but rather contingent
on mobility type and intersectional factors, which were not fully captured in the simpler
models.

Gender x Job Change Type Interactions (Model 2F): Introducing gender-by-
movement type interactions reveals that women face small but credible disadvantages
across all three types of job change, compared to men. The coefficients for Female x Type-
1, Female x Type-2, and Female x Type-3 changes are all negative and credible, consistent
with Model 2. Importantly, these effects persist after accounting for random effects at the
occupation and firm-size levels, indicating that gendered disparities in upward mobility
are not fully attributable to differences in where women and men work.

Race x Job Change Type Interactions (Model 3F): The inclusion of race-by-movement
type interactions uncovers additional heterogeneity not visible in the baseline model. For
example, a baseline Hispanic advantage emerges in Type-2 and Type-3 job changes, which

was masked when interaction terms were omitted. Conversely, Asian workers experience
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additional credible disadvantages in Type-3 job change, which was absent from the base-
line model.

Stratified Race x Job Change Type Interactions (Model 4F): Stratifying by gender
reveals additional intersectional patterns in the relationship between race and career mo-
bility that were not visible in the aggregate models.

For men, the negative Asian x Type-2 effect observed in Model 3F remains robust, in-
dicating persistent disadvantages for Asian men in intra-firm occupation changes. In ad-
dition, Model 4F uncovers new credible interaction effects, including positive Asian x
Type-1 and positive Black x Type-2, indicating complex dynamics between upward mo-
bility, race, and job change types among male workers.

For women, the negative Asian x Type-1 effect persists, confirming a robust disadvan-
tage for Asian women in inter-firm occupation changes. Model 4F also reveals new cred-
ible disadvantages for Asian x Type-3 and Hispanic x Type-3, highlighting intersectional
barriers for Asian and Hispanic women in inter-firm lateral moves.

Random Effects Contributions: Across all models, the inclusion of random effects does
not fundamentally change the fixed-effect estimates but provides insights into the sources
of residual heterogeneity. Variance components associated with Major Occupation, Ma-
jor Industry, State, Job Start Year, and Firm Size Group indicate that these clustering fac-
tors contribute meaningfully to unexplained variation in upward mobility, but they do not

eliminate or reverse observed disparities, confirming the robustness of Models 1-4.

Appendix D: Supplementary figures
Figures D1 and D2 display coefficient plots for all covariates corresponding to Tables 4
and C3, respectively. The plots highlight the stability of the control variables, with coeffi-

cient estimates tightly clustered across all model specifications.
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Figure D1 Coefficient plot of estimated coefficients for covariates in Models 1-4. Statistical significance is

visually encoded: Coefficients significant at p < 0.05 are displayed in their full, distinct model colors, while

insignificant coefficients (p > 0.05) are displayed using gray-filled shapes
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Figure D2 Coefficient plot of estimated effects for covariates across Models 1-4 and 1F-4F. Statistical
significance and credibility are indicated through color: coefficients significant at (p < 0.05) or deemed
credible are shown in distinct model-specific colors, whereas non-significant (p > 0.05) or non-credible
estimates are rendered in gray. To enhance visual discrimination when estimates are similar, markers are
horizontally jittered slightly

Appendix E: Prompt template and examples

SOC Generation

You are an expert O*NET-SOC 2019 coder. Given a list of job title-company name
pairs in input texts, assign the following labels for each input text:

1. Occupational title and code from the O¥*NET-SOC 2019. Separate the title and
code with colon. If no suitable answer is available, a best or random guess is fine. If
the input text mentions a student, answer ‘Student’.

2. Yes (Y) or no (N) to whether the input text mentions a non-occupational role
or not. Non-occupational roles typically include keywords such as intern, student,
volunteer, founder, owner, member, etc.

3. Yes (Y) or no (N) to whether the input text mentions multiple roles or not.
Separated each label with semi-colon. Do not explain.

Answer format:

Task ID; Label 1; Label 2; Label 3

Examples:

{{examples}}

Input texts:

{{data}}

Answers:
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SOC Generation: Few-shot Examples

Input texts:
T1; Aircraft cabin cleaner, Avionic Services
T2; Barista, Starbucks Coffee

T3; Stage manager, director, and owner, Old Vic theatre

T17; Summer research intern, Columbia University
Answers:

T1; Aircraft Service Attendants:53-6032.00; N; N
T2; Baristas:35-3023.01; N; N

T3; Producers and Directors:27-2012.00; Y; Y

T17; Social Science Research Assistants:19-4061.00; Y; N

SOC Selection

Select the O*NET-SOC that best describes each job title-company name pair below.
Choose only one number from the options provided. Do not explain.

Examples:

T1. social media manager, mcs - midwest conference service // options: 1. Public
Relations Managers (11-2032.00); 2. Fundraising Managers (11-2033.00)

T2. medical scribe, proscribe // options: 1. Medical Records Specialists (29-2072.00);
2. Health Information Technologists and Medical Registrars (29-9021.00)

Answers:

{{data}}

Answers:
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