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Abstract

We introduce a monthly dataset of occupation, state, and industry level features of job ads
from 2015 - 2025 built from a corpus of over 155 million online job ads provided by the National
Labor Exchange (NLx) Research Hub. Designed to generate novel insight on the labor market
for researchers and practitioners, we extract features of the O*NET taxonomy using standard
dictionaries and purpose-built machine learning models. Our dataset includes over 100,000 unique
features extracted from job ads, including detailed tasks, tools, technologies, wages, organizational
structure, management practices, and more. We publish the Job Ad Analysis Toolkit, a collection
of open-source machine learning models and dictionaries that we use to reliably and accurately
extract over 2.6 billion data points from the NLx corpus. We demonstrate the potential for research
by replicating several findings regarding labor market trends, and outline potential further uses
for research and practice in education and workforce development.
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1 Introduction

The availability of online job ad data has contributed to significant advances in research and practice.
However, “data access restrictions ” and the “lack of standardization across private and public data
sources” have until now limited the use of this data ( , , p. 117).
The Occupational Information Network (O*NET) is the standard taxonomy of work that serves as a
cornerstone for research and professional communities by providing an information architecture for the
workplace ( , ). However, measurement of tasks “needs substantial work,”
and O*NET’s survey-based data collection method is not designed for longitudinal research or timely
updates ( , ). We make two contributions toward advancing the
study of the labor market that are in alignment with the National Academy of Sciences report and top
recommendations from the November 2024 national Workforce Informatics Advisory Council (
; 2024).

First, we leverage the taxonomic structure of O*NET as a basis for feature extraction from job
ad data and introduce a novel, large-scale description of workplace trends in the U.S. over the last 10
years and will make it available upon publication. We create aggregate occupation, industry, state, and
month level statistics derived from job ad text from September 2015 - June 2025, using data provided
by the National Labor Exchange (NLx) Research Hub. The NLx Research Hub’s job ad corpus is “the
most accurate and comprehensive collection of real, online job openings in the United States” and
provides researchers and practitioners unparalleled access to real-time insight into the labor market.
Our data is relevant to academic researchers as well as workforce development and education planning
professionals in community colleges and higher education. Compared to the proof-of-concept aggregate
dataset we build, we are unaware of any other dataset at present with as much structured information
on as large a sample of job ads, and none that adopts O*NET’s framework.

Second, we develop transparent, high-accuracy, efficient, open-source natural language processing
(NLP) tools to accurately map language in job ads to standard O*NET architecture and features.
We provide a new GitHub repository of these software tools (the Job Ad Analysis Toolkit (JAAT)).
Domain-specific open-source machine learning (ML) models are more accurate than large language
models (LLM), including in the job ad domain ( , : , ), are more
efficient and scalable than LLMs, and permit independent replication of results.

The layout of the paper is as follows. Section 2 introduces NLx and O*NET data and background
information on the uses and limitations of the data in academia and practice. Section 3 summarizes
data built and methods used. Section 4 illustrates potential uses of the data in practice, and in research

in economics and management. Section 5 indicates directions for future work and concludes.
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2 O*NET and Job Ad Data

This section provides an overview of job ad and O*NET data. We begin by describing the O*NET
architecture for occupational information, and then summarize limitations of existing O*NET data. We
then describe job ad data, uses, providers, and highlight problems related to access, standardization,
and transparency. We motivate the need for accurate, structured, timely labor market data from job
ads — and the tools to build such data according to standard structures — following methods that

adhere to standards for replicability and transparency.

2.1 O*NET: The Occupational Information Network

O*NET is a comprehensive database of occupational information tied to a content model that “iden-
tifies the most important types of information about work and integrates them into a theoretically
and empirically sound system.”! O*NET includes crosswalks and explicit relationships between 40
detailed tables of occupation, task, education, experience, tools, technologies, job titles, and more
features of the workplace. Like other taxonomies in the sciences, O*NET is the product of efforts
to develop, refine, and validate classification schemes for work, incorporating evolving individual and
group judgments ( , ; , ). O*NET’s content model, displayed in Fig-
ure 1, includes “worker-oriented” (top), “job-oriented” (bottom), occupation-specific (right-side), and
cross occupation (left-side) features.

Within the six major elements of the content reference model lies a hierarchical structure with
increasing specificity. There are over 600 elements in the content model at five levels of depth. Each
element may contain a great level of additional detail. For example, tasks (5.A.) contains a list of more
than 20,000 task statements (5.A.1.) given unique codes that are linked within the O*NET database
to Detailed (4.D.), Intermediate (4.E.), and Generalized Work Activities (4.A.). 5.E contains a list
of over 8,000 job titles and alternative titles that are mapped to 2018 Standard Occupation Codes
(SOC).

Based on survey responses, O*NET reports the Level, Importance, and Extent of specific elements
within an occupation (see O*NET Scales). The Importance rating “indicates the degree of importance
a particular descriptor is to the occupation. The possible ratings range from ‘Not Important’ (1)

”

to ‘Extremely Important’ (5).” Importance covers only Tasks, Knowledge, Skills, Abilities, Work

Activities, and Work Styles. Level “indicates the degree, or point along a continuum, to which a

)

particular descriptor is required or needed to perform the occupation.” Level is on a 0-7 scale, and
covers Knowledge, Skills, Abilities, and Work Activities. Relevance “refers to the proportion of job

incumbents who rated the provided task relevant to his/her job.”

ISee https://www.onetcenter.org/content.html, The O*NET Content Model, accessed May 27, 2025.
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Figure 1: The O*NET Content Model
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Note: We extract features following the structure of the O*NET Content Reference Model.

2.1.1 Uses of O*NET data

O*NET’s measures of occupational task intensity and levels are frequently used by labor economists in
what has been called the “task approach” (Autor, 2013). Work in this vein provides a richer view than
traditional models of the interaction between worker skills, tasks on the job, and changes to technology
or in trade (Acemoglu and Autor, 2011). Empirically, this entails dis-aggregating occupations and jobs
into the tasks or bundles of tasks (high-level work activities in the O*NET structure) that comprise
the job, and studying how changes in the economy impact workers who perform activities that are
“routine”, “non-routine”, “physical”, “cognitive”, and “interpersonal” to research labor market trends
(Deming, 2017).

Researchers often study the exposure of O*NET tasks or task bundles to a technological or other
shock that is perceived to be changing the existing organization of work. One influential task-based
approach follows Blinder (2009)’s study of the offshorability of jobs. Drawing from O*NET’s measures
of tasks, researchers calculate occupational exposure to a shock and estimate the potential impact
on the labor force using a representative sample such as the Current Population Survey. This typi-
cally results in estimates of how many jobs are ‘offshorable’ (Blinder, 2009), teleworkable (Dingel and

Neiman, 2020), automatable (Gathmann, Grimm and Winkler; 2024); impacted by Large Language



Models ( , ), etc.

Recent work by O*NET incorporates the use of ChatGPT and NLP methods to enhance the
taxonomy ( , ; , ; , ). Computer
science researchers adopting O*NET’s taxonomy also increasingly use machine learning and NLP
methods to extract detailed task information from occupational text such as job descriptions (see, e.g.,
( , : , ))- ( ), for example, map requests from users of the
large language model Claude to O*NET’s list of task statements to identify the complementarity and

automatability of specific tasks.

2.1.2 Limitations of O*NET data

Many of the limitations of O*NET below arise from researcher’s misuse of data that is not longitudinal
or designed to understand intra-occupational task heterogeneity. Papers that seek to measure occu-
pational exposure to technological shocks may draw faulty conclusions. Little has changed since, over
a decade ago, occupational health researchers examining the suitability of O*NET data to determine
occupational exposure to risk factors issued a cautionary note advising against its use ( ,

). Citing poor statistical power, infrequent data collection, and confusing concepts operationalized
however a researcher chooses to do, the authors concluded that O*NET’s task-based measurement of
occupations, while promising in its design, lacked proven predictive value or convergent validity, and
suggested therefore that the scientific value of its data was yet to be determined.

While much of the economics literature assumes that there is change in demand for tasks over time,
survey data from O*NET does not measure intra-occupational variation or change in tasks over time
( , ). O*NET’s survey based data collection provides superb indicative task information for
each occupation, but it is not designed to be longitudinal. Each occupation is updated infrequently,
with an average of 71 observations per occupation from a single point in time, with data collection
for some occupations occurring most recently in 2006, according to the metadata reported in O*NET
Version 29.1. This severely impairs the credibility of research that uses O*NET data as a blunt tool
to understand contemporary change within jobs and occupations.

A second limitation with the existing O*NET database is the difficulty of interpreting values for
each O*NET element. The calculation of occupational measures for Importance, Level, and Relevance
may be “opaque” and difficult to interpret ( , ), and subject to researcher degrees of freedom
( , ). While surveys directly inform the Work Values (1.B.2.), Work Styles (1.C.1.),
and Work Activities (4.A.) of workers in specific occupations, the crosswalk between Work Activities
and the calculation of values reported in other O*NET elements, including Abilities (1.A.) and Skills

(2.A.), is theoretically driven. Assumptions of the O*NET model impose requirements that all tasks



and detailed work activities exist only within a single occupation. Theoretical assumptions driving the
calculations that generate skills data and task data may not be empirically justified.

A third limitation of O*NET as a taxonomic structure is insufficient detail on some elements (such
as skills) that are not elaborated at the same level of detail of others (such as task). Thousands of
detailed and labeled text elements are often necessary to pursue accurate Natural Language Processing
(NLP) analysis that follows a taxonomic knowledge structure. For the purpose of extracting structured
data from job ads, O*NET’s content model is foundational, but many existing O*NET content model
elements lack sufficient elaboration or adequate text descriptions for text classification and extraction

purposes.

2.2 Job Ad Data

Real-time large-scale online job ad data and other newer sources of information have significantly
enhanced researchers’ capabilities to understand labor markets in recent decades ( ,

). For practitioners, projects started over 30 years ago have continuously delivered online job
ad data to frontline workforce development professionals to help job seekers in search, referrals, and
matching ( , ). For over a decade, labor market intelligence data from job
ads have been used by employers in workforce planning, in education and curriculum planning, career
planning, and economic development ( , ). Policy-makers,
media, and the general public also frequently rely on aggregate job ad data to understand labor market
trends.

Job advertisements often contain granular information on the tasks and skills needed to do a
job, required education, licenses, qualifications and preferences, and often include details of working
conditions, wages, benefits and more. To illustrate the wealth of information a job advertisement
contains that can be mapped to codes from O*NET and other standard dictionaries, Figure 2 displays
a job ad and the actual codes extracted with the ML tools we develop and describe in Section 3.1.
While Figure 2 highlights capabilities to extract occupation information, skills requirements, task
detail, firm name and industry, and wage information, a great deal of additional information that
could be structured is not displayed. We separately describe how we use custom dictionaries for
benefits, working conditions and culture, and recruitment practices to capture additional elements of

context below.

2.2.1 Uses of Job Ad Data

Job ad data contributes to research on changing skills ( , ;

, ), labor market structure ( , ), the polarization of job



Figure 2: An illustrative job ad with features extracted by the Job Ad Analysis Toolkit (JAAT).

D.C. MARKET BARISTA - FULL-TIME

The Barista brings La Coffee to life by creating a world-class coffee experience. Genuinely enjoys making people happy with coffee and thrives working in a fast-
paced environment. Seek opportunities to learn more about our coffee, company, and the La Coffee mission. Takes pride in being part of our team and embodies
all of our One Dove principles- Kindness, Respect, Deliciousness, Efficiency, and Cleanliness.

Responsibilities
® PEOPLE: Treat others with KINDNESS & RESPECT
O Warmly welcome customers
Build relationships with repeat customers
Take the time to determine customers' coffee needs and interests and offer La Coffee products
Respect differences of others even when their values and ideas contrast with our own
Find opportunities to lead with kindness
Seek to understand others
Work cooperatively with others on the team and with leadership

O 00O OO0 0 O

Communicate positively and professionally
O When respect or safety is at stake, reach out to leadership or the people team to seek resolution
® PRODUCT: Deliver DELICIOUSNESS with EFFICIENCY
O Display a graceful sense of urgency in completing tasks
Consistently meet La Coffee product recipes and quality standards
Serve quality beverages in a timely and engaging manner
Record and accurately process purchases using the POS system, collect and process payments, apply discounts according to La Coffee standards
Work with cafe leadership and technical department to help administer quality control

0O 0O OO0

Complete required training in a timely manner
O Coach fellow baristas on our quality and expectations
® PLACE: Demonstrate cafe pride by making CLEANLINESS and safety a priority
O Work cleanly and safely. Handle hot beverages with care
Clean coffee grinder, brewer, and espresso machines
Organize products on our shelves and restock as necessary
Actively identify any additional safety hazards and escalate to Cafe Leadership
Complete opening and closing tasks and checklists
Participate in weekly, monthly and quarterly deep cleans of the cafe

OO0 OO0 0O

Proactively maintain and improve the appearance of the Cafe and coffee bar.
O Sanitize and clean the cafe area as needed throughout the shift
Requirements
People skills: Dealing with the public and team proactively, professionally, and positively.
Able to lift 40 Ibs or more
Able to stand for long periods of time
Frequently required to use hands
Basic understanding of computer POS Systems
Ownership: Takes initiative, personally drives & takes pride in La Coffee. CARES

Join our team from one of several locations—this role is open in multiple cafes across D.C.

About Us

La Coffee is a leading coffee roaster in pursuit of excellent coffee for all since its inception in 1994. Through ethical trade with growers, advocating for equity, and
empowering their communities, La Coffee continues to be a pioneer and raises the standards for outstanding quality coffee. The brand is known for providing
beloved signature blends, exceptional single-origin coffees, and the world's first-ever textured canned cold latte. La Coffee operates 32 cafés across Philadelphia,
New York, Chicago, Boston, Los Angeles, Austin, and Washington, D.C. La Coffee's celebrated coffees are also available in cafes, hotels, restaurants and retailers
worldwide. In 2023, La Coffee was acquired by Acme Co., a next-generation food and beverage company on a mission to make nutritious food accessible to all.
Acme Co. s anfequal opportunity employer{ Acme Co. will not discriminate against any applicant for employment on any basis including, but not limited to race,
color, religion, s€X, sexual orientation, genader identity, national origin, age, disability, military and/or veteran status, marital status, predisposing genetic
characteristics and genetic information, or any other classification protected by federal, state, and local laws.

We offer a comprehensive benefits package, including medical, dental, vision coverage, 401K match, short- and long-term disability coverage, health savings
accounts, flexible spending accounts, and tuition reimbursement. We are also proud to offer specialized benefits like health care navigation, mental health services,
fertility assistance, and paid parental leave as well as up to 60 hours accrued PTO (which includes vacation and personal time off) and up to 60 hours accrued of
FTO (which includes sick time).

Compensation Range: $20.00 - $20.00.

[('21462', 'Assign duties or responsibilities to project personnel.'), ('15258', 'Participate in required job training.’), ('17581', 'Prepare or serve hot or cold
beverages, such as coffee, espresso drinks, blended coffees, or teas."), ('2053', 'Restock storage areas, replenishing items on shelves."), ('15885', 'Determine
packaging requirements.")]

[(‘assume responsibility’, 'T3.2"), (‘treat people fairly’, 'T4.2"), ('show sensitivity towards different worldviews', 'T6.3"), (‘leading others', 'T4.4"), (‘make use of
leadership abilities for team coordination’, 'T4.4'), (‘communicating with colleagues and clients', 'S1.2'), (‘quality control', ‘'T3.1"), (‘training on operational
procedures', 'S1.3"), (‘preparing food and drinks', 'S3.5'), (‘decide on products to be stocked', 'S4.9'), (‘management skills', 'S4.0"), (‘moving and lifting',

'S6.2"), (‘'using hand tools', 'S6.7"), (‘concern for others', 'T4.2")]

JobTag

('Barista’, '35-3023.01', 0.899, 0.0, 'none') (‘ACME CO.', 0.897) {'min": '20.00', 'max': "', 'frequency": 'hourly'} [ (‘GovContract', 1) ]

Note: Each individual ML tool (TaskMatch, SkillMatch, TitleMatch, FirmExtract, JobTag) is built with
custom, manually audited and validated training data. Actual JAAT outputs are displayed and mapped to
their approximate locations in the original job ad. We anonymize the original employer name to La Coffee and
the parent company to Acme Co. .



skills ( , ), the importance of language in jobs ( , ),
and strategic management and recruitment strategy ( , ), and many more
areas. Despite this, aggregate job ad data and other labor market information from proprietary sources
used in academic papers is rarely made available. Exceptions include labor market concentration (
, ) and outside options ( , ) data.
All job ad data have limitations, summarized well in a technical report (

, ). Researchers are often careful to acknowledge and, where possible, adjust for
these. As advertisements, they are employer’s statements intended to attract workers, and may be less
detailed than actual job descriptions, contain omissions, and inaccuracies. Online job ads are known
to over-represent highly-educated workers and large firms, and to over- or under-represent certain
occupations and industries. Job ad data management practices have improved over time, but a single

online job posting may represent no or multiple actual vacancies ( , ).

2.2.2 Limitations of Proprietary Job Ad Data

Several companies, prominently Lightcast (formerly Burning Glass Technologies or BGT), Revelio
Labs, LinkUp, and WageScape license job ad data to academic researchers for research purposes.
Commercial providers typically sell access to structured data that has been built from job ad text,
without disclosure of methods for creating structured information from text, or warranties or descrip-
tion regarding either methods or accuracy. Providers often state that they source their data from web
scraping of employer webpages and job boards, often leading to duplication, and undertake proprietary
processes to de-duplicate and clean the data. In general, models used to build data are proprietary
and unavailable for independent use or testing.
Rising use of proprietary data in academic research risks hindering scientific advances ( ,
). As a source of information about work and occupations, O*NET provides invaluable insight
and grounded data from worker interviews, but has not previously been combined with job ad data,
in part because proprietary data providers have developed bespoke libraries and definitions of job and
occupational features such as skills ( , ). Generally, these taxonomies
are not made readily available for inspection or use and are difficult to cross-walk to standard sources
like O*NET. Because many taxonomies depend upon unsupervised learning and are not combined
with theory or foundational taxonomies, the choice of k clusters leads to arbitrary, incompatible, and
confusing definitions of skills. For reasons of replication and equity, scientific research standards include
making code and data public and ‘knowing your data source’ ( , ),
and more generally, making research findable, accessible, interoperable, and reusable (FAIR) (

, ). Only one independent technical analysis of NLx and a major commercially provided



dataset is available: a University of Virginia team accessed both the Lightcast (BGT at the time)
and NLx data to test the suitability of each data source for use in workforce development (
, ). The Lightcast data is likely the most frequently used in academic
research and often described as representing the ‘near universe’ of online job ads ( , ).
Benchmarking Lightcast data against NLx in the UVA report finds that in a direct comparison of a
sample of job ads in a region in a period, BGT has 24% more observations than NLx. However, 29% of
BGT observations are duplicates while NLx has only 6% duplicates. According to the UVA analysis,
the correlation coefficient between the number of observations in a region in the datasets is 0.996.
Independent researchers’ findings, summarized in the University of Virginia report, are that accuracy
for education, occupation and experience fields in BGT is under 80%, there are missing values for 36%
of employer names, salary is provided for 7% of observations, educational requirements are extracted
for 53% of observations, and experience for 52 percent. BGT data has more structured data fields:
for example, BGT’s cleaned data includes an occupation family for 96.6% of job ads, while NLx had

82.7% at the time of the Virginia report.



3 Data

Since 2007, the National Labor Exchange (NLx) has been the leading platform for job ad distribution
in the United States. NLx is a not-for-profit partnership between the Direct Employers Association,
which runs the national job ad syndication network, and the National Association of State Workforce
Agencies. NLx obtains data from over 300,000 employers that hire workers directly, and distributes
job ads to a network of state workforce agencies and online job ad portals. Since 2021, with backing
by the National Science Foundation and Bill and Melinda Gates Foundation, the NLx Research Hub

“make

has given researchers “a trusted and transparent source of job vacancy data”’ with a goal to
real-time job ad information a public utility for the first time, broadening opportunities for research,
analytics and product development.”

Labor exchanges in the U.S. were established in 1933 under the Wagner-Peyser Act, and inter-
mediate job-seekers and employers to facilitate efficient labor market matching while also creating
opportunities to develop labor market insight from their operations ( ,

). Under the Vietnam Era Veterans’ Readjustment Assistance Act (VEVRAA), federal contrac-
tors must meet job posting requirements, including that postings be filed with state unemployment
offices. NLx, and America’s Job Bank (AJB) before it, ensure contractor compliance with these and
other recruitment-related requirements.?

Top recommendations in the November 2024 report of the Workforce Information Advisory Council
— a group of 14 national leaders in workforce information — included strengthening the NLx, standard-
izing job postings data, creating pilot programs, and building tools and minimally viable data products
for real-time use ( , ). Researchers can access the NLx corpus under an academic
data use agreement. NLx’s structured data fields are for the most part blank if the original creator of
the job ad did not manually populate the field at the time of creation. We transform the job descrip-
tion, zip code, and date fields from NLx that are present over 97% of job ads to create our dataset. We
use NLx wage information where available for minimum (4.6%) and maximum (4.15%) wage ranges,
and build a new comprehensive wage variable including wage information we extract from job ad text.
We use company name from NLx for the 61% of job ads where it is available, and transform company
names into industry codes by a process described below. For wage and company name, we developed
custom tools to extract these features, and then create a standardized wage variable and industry code

to prepare the data for research use. For all other areas, we built entirely new data tools to extract

2Launched in 1995, AJB was an online job ads portal supported with funding from the U.S. Department of Labor
and with input and involvement from large employers and state workforce development agencies. Free for employers and
job-seekers, it was one of the most heavily trafficked websites on the early web. With more than 2.2 million monthly
postings, 600,000 resumes, and 450,000 employers, it held what was the largest repository of online job ads at the time it
was shuttered in 2007 ( , ). The 1995-2006 archive of online job ads once managed by AJB was destroyed
following defunding; attempts to recover the job ad text that was once part of AJB through Freedom of Information Act
requests to the Minnesota, New York, and U.S. Department of Labor were unsuccessful.
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O*NET features from job ad descriptions.

The remainder of this section introduces the major purpose and descriptive statistics for the building
blocks of our aggregate dataset of job ad features. Section 3.1 introduces the Job Ad Analysis Toolkit
(JAAT). Section 3.2 describes dictionaries of terms and knowledge maps we run through the job
ads, including O*NET’s tools and technologies dictionaries. Section 3.3 details the construction of
additional variables necessary for creation of an aggregated dataset, including the month variable
used in the construction of time series data and procedures for mapping from Zip Code to higher
geographical levels. Appendix A describes the specific elements of O*NET structure we map to job
ad features for extraction. Appendix C provides additional detail on methodology and validation

procedures.

3.1 Methods: The Job Ad Analysis Toolkit (JAAT)

The Job Ad Analysis Toolkit (JAAT) is an open-source collection of machine tools developed for
extraction of standardized information from job ads. Table 1 summarizes the machine learning models
built and the multiple natural language processing methods we use to build structured data from job
ad text. JAAT features include TitleMatch 3.1.1, SkillMatch 3.1.2,, TaskMatch 3.1.3, FirmExtract
3.1.4, WageExtract 3.1.5, and JobTag 3.1.6.

We adopted a trial-and-error method in iterative cycles of developing training data, building models,
testing and validation, and manual augmentation of training data by “humans in the loop” ( ,

). This approach improves performance and reduces biases in language models (

, ) and provides labeled output with a high degree of correspondence with human
understanding ( , ; , ). We track the performance of over
100 iterative stages of these models with different training data and computational approaches in a
laboratory log. We searched for and tested other open-source contributions as well, but pursued novel
development in nearly all cases.

We found that embedding an existing O*NET taxonomy or a newly labeled list of concepts as
initial training data, searching for similar embedded sentences from a random sample of job ads, and
augmenting the training data by bolstering it with highly similar sentences of real job ad text achieved
promising results. Examining the output of each model, we made both manual augmentations after
hand-reviewing high-frequency chunks, and semi-automated modifications of training data where we
found high-precision results appearing above a specific model threshold. We choose thresholds based
on strategic audits of a random sample of observations appearing at a threshold, and an examination of
the distribution of the data. We generally seek a threshold where matches are 90% accurate according

to manual coding of a random sample.
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Where no prior knowledge base of labeled text existed, we follow in the tradition of interpretive
text analysis ( , ): we engage in inductive and deductive sampling of text, qualitatively
analyze job ad language, and identify and label concepts we seek to code manually. Validity in the
content analysis tradition typically starts with keyword searches, and includes strategic manual audits
of high-frequency keywords and text phrases, and random manual audits of labeled output to ensure
high content validity ( ) ).

There is no benchmark data for assessing the accuracy of NLP tools in this domain. We perform
a number of post-hoc tests to compare model output to labeled data from multiple sources. We
emphasize these demonstrations of convergent validity: where disaggregated public data is available,
we compare model performance to those results on sentences, job titles, etc. With aggregate data,
similar to the appendix of ( ), we also present summary descriptive statistics
from the dataset we create, and compare these to benchmark statistics from BLS and Census sources.
We also demonstrate how the output of independently constructed models and diverse methods of data
extraction differ or converge, indicating whether the NLP tools are working as intended. We encourage
users to independently test and inspect JAAT model results. Upon release of the aggregate data, users
should inspect results carefully and compare them to other statistics. Appendix C provides additional
detail on the methods used and known limitations with specific models. We provide the tools as is, as
they are used in the construction of data, and in future directions, indicate how the iterative processes

we deployed can continue to improve model performance.
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3!

Table 1: Job Ad Analysis Toolkit (JAAT) Models

# Train Validation
Module Tool Base Model Type Parameters Score Score
Task Classification BERT-tiny Fine-tuned (Binary) 4.4M 99.44 (F1) 99.44 (F1)
TaskMatch https://huggingface.co/loyoladatamining/task-classifier-mini-improved2
Task Matching GTE-small Embedding 30M - -
https://huggingface.co/thenlper/gte-small
Skill Classification BERT-small Fine-tuned (Binary) 29M 98.15 (F1) 98.32 (F1)
SkillMatch https://huggingface.co/loyoladatamining/skill-classifier-base
Skill Matching GTE-large Embedding 330M - -
https://huggingface.co/thenlper/gte-large
Title Matching GTE-small Embedding 30M - -
https://huggingface.co/thenlper/gte-small
TitleMatch Value Scoring DeBERTa-v3-base  Fine-tuned (regression) 86M 27.00 (MSE)  34.08 (MSE)
https://huggingface.co/loyoladatamining/title_value
Feature Classification DeBERTa-v3-base  Fine-tuned (Multi-label) 86M 81.40 (Acc.)  81.53 (Acc.)
https://huggingface.co/loyoladatamining/title_feature
FirmExtract Firm Name Extraction DeBERTa-v3-base  Fine-tuned (Sequence) 86M 94.40 (F1) 94.47 (F1)
https://huggingface.co/loyoladatamining/firmNER-v3
Wage Classification BERT-tiny Fine-tuned (Binary) 4.4M 96.82 (F1) 96.85 (F1)
https://huggingface.co/loyoladatamining/is_pay
WageExtract Wage Extraction DeBERTa-v3-base  Fine-tuned (Sequence) 86M 99.74 (F1) 99.80 (F1)
https://huggingface.co/loyoladatamining/wage-ner-v2
Wage Frequency Classification DeBERTa-v3-base  Fine-tuned (Multi-class) 86M 99.20 (F1) 99.64 (F1)
https://huggingface.co/loyoladatamining/pay-freq-v2
Job Feature sklearn . .
JobTag Classification RandomForest Trained (Binary) ) ) )

https://github.com/Job-Ad-Research-at-QSB-LUC/JAAT

Note: An overview of the various language model-based tools used in the modules of the Job Ad Analysis Toolkit (JAAT). JAAT leverages a combination of pre-trained
encoder-only embedding models, which are primarily used for semantic matching tasks, and fine-tuned language models, used for more specialized tasks. In the case of
fine-tuning, we train a variety of models, including binary, multi-class, multi-label, and sequence classification models. The resulting models, their parameters sizes, and
their training performance (on the selected validation metric) are included. Note that in the case of JobTag, we use simple RandomForest classification models.


https://huggingface.co/loyoladatamining/task-classifier-mini-improved2
https://huggingface.co/thenlper/gte-small
https://huggingface.co/loyoladatamining/skill-classifier-base
https://huggingface.co/thenlper/gte-large
https://huggingface.co/thenlper/gte-small
https://huggingface.co/loyoladatamining/title_value
https://huggingface.co/loyoladatamining/title_feature
https://huggingface.co/loyoladatamining/firmNER-v3
https://huggingface.co/loyoladatamining/is_pay
https://huggingface.co/loyoladatamining/wage-ner-v2
https://huggingface.co/loyoladatamining/pay-freq-v2
https://github.com/Job-Ad-Research-at-QSB-LUC/JAAT

3.1.1 TitleMatch

TitleMatch disambiguates job title features, returning standard SOC-O*NET codes, hierarchy, and fea-
tures described below. While job titles are not perfect indicators of occupations, we follow economists
( , , ), epidemiologists (SOCCER) ( , , ) and independent
researchers (SOCKit) ( , ; , ; , ) in
building computational models to return occupation codes from job titles.

O*NET’s list of reported job titles and emerging job titles and associated occupation codes forms
the basis of our model that matches job titles to occupation. The first step of TitleMatch involves
a semantic matching procedure using a GTE-SMALL model, similar to that found in TaskMatch and
SkillMatch. O*NET sample titles are used as a foundation, to which an instance in question is matched,
following a simple nearest neighbor selection. For TitleMatch, we do not choose a minimum similarity
threshold, thus always returning the best-matched title (and its corresponding occupation code from

O*NET).

Summary of Model Performance We test TitleMatch and Sockit performance against a high-
quality source of administrative data. The Department of Labor releases disaggregated Labor Condi-
tion Application Disclosure Data that employers are required to complete to lawfully place foreign-born
guest workers at a worksite.?> These include employer’s self-reports of job titles mapped to occupation
codes ( , ). For each foreign worker program, we combine data from 2008 — 2024 and
reduce 7.5 million employer filings into unique non-null combinations of job titles and occupation codes
with more than 5 observations that match a six-digit occupation code in the SOC system (n = 77,562,
weighted = 2.86 million employer filings). The dataset contains occupation codes for 661 of the 867
SOC codes. No tool could match all these job title-SOC combinations from job titles alone, as codes
vary within job title in the administrative data: the average number of different six-digit occupation
codes per unique title in the dataset is 20.8. Job titles appear in multiple occupations for many valid
reasons, including that job titles do not perfectly indicate occupations, and that human raters often
disagree. Strategic behavior may also affect the selection of occupation in the LCA data, as guest
worker minimum wages are set to the prevailing wage within an occupation and region (
; 2021).

Table 2 reports the result of comparing TitleMatch and Sockit using the LCA data. TitleMatch
consistently outperforms Sockit at returning occupation codes that match those assigned to job titles
in the data. Weighted by the number of employer filings of a given job title and occupation code

combination, TitleMatch matches 72% of the LCA data at the two-digit level , 62% at the four-digit

3See https://www.dol.gov/agencies/eta/foreign-1labor/performance. Accessed September 8, 2025.
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Table 2: TitleMatch and SocklIt: Percent Job Title-SOC Match with LCA Data

Test / Tool 2-Digit SOC 4-Digit SOC 6-Digit SOC
Sockit 0.53 0.39 0.22
Sockit (Wtd.) 0.62 0.51 0.29
Sockit Matches Any Occ Within Title 0.65 0.54 0.39
Sockit Matches Any Occ Within Title (Wtd.) 0.74 0.67 0.56
TitleMatch 0.62 0.49 0.32
TitleMatch (Wtd.) 0.72 0.62 0.47
TitleMatch Matches Any Occ Within Title 0.75 0.64 0.49
TitleMatch Matches Any Occ Within Title (Wtd.) 0.86 0.78 0.67
TitleMatch Matches Data or Sockit 0.81 0.70 0.55
TitleMatch Matches Data or Sockit (Wtd.) 0.88 0.82 0.70

level and 47% at the six-digit level. In terms of matching any of the occupations listed by an employer
within a given job title, TitleMatch occupation codes match 86%, 78%, and 67% of cases weighted by
frequency at the 2- 4- and 6-digit levels respectively, indicating that its results match analysis done
by human expert coders for much of the data. Under majority voting rules (matching a job title
occupation code combination identified in either LCA data or Sockit results), TitleMatch matches
88%, 82%, and 70% at the 2- 4- and 6-digit levels respectively, indicating that its results align closely
with administrative data and other tools developed to code occupations from job titles. In future

directions and limitations, we describe how this analysis could be used to improve TitleMatch.

Comparison to OES To assess the representativeness of the NLx corpus coded by TitleMatch, we
contrast the distribution of job ads across major 2-digit occupational groups in the NLx data with
TitleMatch to the 2-digit occupational distribution for all employed workers in the U.S. using data from
the BLS Occupational Employment Statistics (OES) survey ( , ).
OES data is collected in May and November of each year, and each annual OES report includes results
from the prior 3 years of data collection. For each year, we first compare the percentage of jobs within
each 2-digit occupation from OES to the comparable three-year data from NLx with occupation coded
by TitleMatch.

For the most recent year, Figure 3 illustrates what studies of Lightcast / Burning Glass job ad
data also show ( , ): job ad data do not reflect the distribution of jobs in the
overall economy, and certain occupational groups are significantly over- or under- represented. Similar
to Burning Glass data, NLx data coded by occupation with TitleMatch has a significantly higher
proportion of Management, Computer and Mathematical Occupations, Healthcare Practitioners, and
Business and Financial Operations occupations than the labor market as a whole.

Figure B.7 plots changes in the correlation over the period observed. Earlier years are shaded

darker, and arrows display the direction in the most recent year. It can be seen that management
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Occupation Distribution Comparison: 2024
NLx Data w/ TitleMatch Occ vs. OES Data

Management

Office and Administrative Support
Computer and Mathematical
Healthcare Practitioners and Technical
Business and Financial Operations
Transportation and Material Moving
Food Preparation and Serving Related
Sales and Related

Educational Instruction and Library
Education, Training, and Library
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Architecture and Engineering

Healthcare Support

Occupation Group

_,.,«nﬂ!f“““'mr

Construction and Extraction

Installation, Maintenance, and Repair

Building and Grounds Cleaning and Maintenance
Arts, Design, Entertainment, Sports, and Media
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Community and Social Service
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Farming, Fishing, and Forestry

o
S
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Data Source [JJ] Nix Data wi Titematch occ [ ces

Figure 3: Occupation Distribution Comparison (3-Year Sample), 2024.

over-representation has become more significant over time, while under-representation of office and
administrative support occupations has decreased over time. In several occupations, there is meaningful
year-to-year fluctuation in the representativeness of the NLx data. As in Hershbein and Kahn (2018),
research designs with job ad data must carefully select appropriate weights, controls, and strategies
given significant changes in underlying composition of the source. Additional figures in Appendix

Section B provide correlation plots and bar chart comparisons for earlier years.

Additional Features from Titles Following title matching to occupation, TitleMatch results also
returns a hierarchy value and features of the job advertised in the title. Other features extracted from
titles are presented in Appendix Table E.1. Hierarchy values and features are extracted using distinct
fine-tuned DeBERTa-v3-base models, as indicated in 1. Hierarchy values returned are a number within
the range [-10 through 60], as indicated in excerpt in Appendix Table C.3, where -10 represents trainees
and interns, 0 represents a non-managerial role, 10 represents a first-level manager, and increasing levels

of managerial responsibility increment by tens up to the Chief Executive Officer (60).
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Occupation Distribution Correlation Over Time
Paths show movement over the years. Arrows show final year's change.
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Figure 4: Trajectory of Occupation Correlation Over Time.

3.1.2 SkillMatch

SkillMatch follows a two-stage model to first classify “skill sentences” and then perform a semantic
similarity search against a list of skills. We examined O*NET’s skills taxonomy along with skill
taxonomies from the European Skills, Competences, and Occupations (ESCO) database, the OECD,
and the World Economic Forum (WEF). We found the ESCO v. 1.2.0 database to be the most detailed,
and manually developed crosswalks between O*NET, ESCO, WEF, and OECD. We incorporated
example text and labels from each of these taxonomies, and thereby increased the number of examples
assigned to labels from the ESCO skills taxonomy.

As in TaskMatch, we constructed our training dataset by first beginning with the texts labeled
by experts who developed the above mentioned taxonomies. These base texts were used to run a
similar augmentation procedure on a random sample of 100,000 job ads, where semantic matching was

performed to find the most and least similar sentences. Thus, we build a dataset with a roughly even
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split of ~ 250k “positive” skill sentence examples and ~ 250k “negative” not-skill example sentences.

To fine-tune the binary language model-based classification model, we opted for a slightly larger
version of BERT (BERT-SMALL), due to initial testing that indicated the “tiny” version was not suf-
ficient to capture the nuances of skill sentence classification. The resulting fine-tuned model achieved
a 98.32 F1 score on the validation set. Accordingly, we used a larger, more capable embedding model
(GTE-LARGE) for the semantic matching portion of SkillMatch. Early analysis suggested that model
accuracy dropped markedly below 0.87, was very high above 0.90, and that high-precision results could
also be obtained between 0.87 and 0.89. Two independent raters coded 100 randomly selected obser-
vations within this threshold. Inter-rater reliability indicated moderate agreement (Cohen’s Kappa
= 0.58). This small strategic audit suggested that a threshold of 0.87 for cosine similarity provided

results that were 90% accurate. This threshold was employed as a default for SkillMatch.

Post-Hoc Validation. Due to the unique two-stage pipeline of SkillMatch (and also the ensuing
TaskMatch in Section 3.1.3), we sought the validate the performance of both stages, namely in the
binary classification of skill versus non-skill statements, and subsequently the semantic matching of skill
statements to skill codes. We follow a two-part validation, leveraging the LLM-as-a-Judge paradigm
( , ) for an estimation of performance at scale, which is internally validated on a smaller
sample by two coders.

For the validation data, we choose a different corpus of job postings, albeit with a likely similar
distribution in terms of semantics. This consisted of 213k job postings between the months of March
and April 2022, from the Career One Stop platform (

, ). All of these postings were run through our SkillMatch pipeline,
where we saved the individual statement-level (sentence) decisions at both stages, i.e., the binary
classification, and in the case of a skill statement, the matched skill code.

The 213k job postings consisted of 5.34 million sentences, of which 2.78 million were marked by
SkillMatch’s classifier as being a skill statement. We formed the first validation set by randomly
sampling 10k sentences marked as skill statements, and 10k marked as not. We then crafted a few-
shot LLM prompt, with the task of deciding whether a given sentence was indeed a skill statement or
not. This prompt is provided in Table C.1 of the Appendix.

We opted to use two LLMs for judging, one closed-source (GPT-40-MINI) and one open-source
(LLAMA-3.3-70B-INSTRUCT). We also conduct a smaller-scale validation with two human coders who
are well-versed in O*NET and job posting language. These coders both perform validation on 100
samples from the validation set. The results of both the LLM and human validation are presented in

Table 3.

18



Validator TPR FPR TNR FNR F1  Agree Strict Acc. Lenient Acc.
GPT-40-MINI 0.581 0.419 0.883 0.117 0.685
LrLamMa-3.3-70B | 0.733 0.267 0.821 0.179 0.767 0.888 0.699 0-811
Human 1 X X X X X

X b'e X
Human 2 X X X X X

Table 3: Validation results for LLM-as-a-Judge and human coders on SkillMatch binary classification.
We provide True Positive, False Positive, True Negative, and False Negative rates, as well as the
resulting F1 scores. In addition, we indicate how often the pairs of coders (LLMs or humans) agree,
and the resulting accuracy scores in a strict setting (SkillMatch corresponds to both coders) or a lenient
setting (corresponds to at least one).

From the 2.78 million sentences that were flagged as being skill statements, we also validate the
semantic matching process, where each sentence is matched to the most similar skill code (via the
code’s title), and only the match results above a chosen threshold of similarity (in our case, 0.87) are
kept. To illustrate how this process performs outside of its run on the full corpus, we choose a random
sample of 1000 match results at all similarity scores in the range of [0.8, 1.0], rounded to two digits. In
the case where 1000 results do not exist, we take the complete (maximum) number of results for that
score. This resulted in a final validation set of 16597 statements, each with a corresponding matched
skill.

These statements were evaluated via LLM-as-a-Judge using a second prompt, found in Table C.2,
which tasked the LLMs to provide a binary decision on whether the matched skill was an appropriate
match or not given the skill statement. As with the first part of our validation, we peform a similar
coding process with humans on a smaller set of 10 results per similarity score. The results of this

validation round are presented in Table 4.

Validator 0.80-0.85 0.86 0.87 0.88 0.89 0.90 091 092 093 0.94 0.95-1.0 | Agree
GPT-40-MINI 0.20 0.35 0.44 0.57 0.67 0.73 0.85 0.89 0.84 0.95 0.98 0.788
LramA-3.3-70B 0.52 0.73 0.82 0.87 090 091 094 097 0.93 0.99 0.99 ’
LLAMA-GPT KAPPA 0.35 032 0.28 035 035 045 0.55 049 0.59 0.42 0.76

Human 1 0.39 0.77 0.87 092 085 0.85 0.85 098 1.0 1.0 1.0

Human 2 X X X X X X X X X X X *

Table 4: Validation results for LLM-as-a-Judge and human coders on SkillMatch semantic matching.
Results are given per similarity score (columns), and the values represent the percentage of correctly
matched skills, as judged by the coders.

Figure 5 simulates of the effect of choosing a threshold somewhere between 0.8 and 1 on the
proportion of True Positive, False Positive, True Negative, and False Negative rates, based on the
observed distribution of 2.8 million sentences by match score as coded by SkillMatch, and based on
the average estimates for accuracy by the LLMs at each threshold, as drawn from the above analysis.
The visual illustrates that the initial choice of 0.87 as a threshold based on a small strategic sample is
supported by the above analysis, as the optimal tradeoff between accepting False Positives and False

Negatives, and the maximum sum of True Positive and True Negative is located in the range between
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0.85 and 0.87.

 —
2,500,000
2,000,000

|

1,500,000

1,000,000
500,000
Cum.TP mCum.TN ®mCum.FP mCum.FN
0

0.8 0.81 0.82 0.83 0.84 0.85 0.86 0.87 0.88 0.89 0.2 091 0.92 0.93 0.94 095 0.96 0.97 0.98 0.99

Note: Storing all data above a threshold that is too low yields too many false positives (dark
blue). Storing only the data above a high threshold drops too many false negatives (dark red). For
the construction of data, we chose a threshold above which results are high-precision based on a small
strategic audit; this analysis suggests this method arrives close to the optimal threshold.

Figure 5: Estimated Distribution of TP, FP, TN, FN at Various Thresholds for 2.8M Job Ad Sentences

As with TitleMatch and TaskMatch below, the convergent validity of SkillMatch output may also
be assessed by examining the aggregated data with a navigation tool. Figure 6 illustrates the top
10 SkillMatch results for two occupations at the minor group level — Mathematicians and Cooks
and Food Preparation Workers — and Fast Food Cooks at the detailed occupation. Top skills for
Mathematicians demonstrate month-to-month fluctuations but remain relatively stable over time. The
top skill is working with numbers and measures, with analyzing and evaluating information and data,
and information skills also in the top ten.

For Cooks and Food Preparation Workers, “preparing and serving food and drinks” is the top skill
over the duration. There is a post-pandemic increased emphasis on working efficiently, but no apparent
shock in the immediate pandemic aftermath. At the detailed occupation level, for restaurant cooks,
the pandemic appears to be a seismic event, with durable aftershocks: while there is great volatility
between 2020 - 2022, SkillMatch suggests that “collaborating in teams and networks” and “working

with digital devices” emerge as significant top 10 post-pandemic skills desired by employers.
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Skill Composition: 1520 - Mathematical Science Occupations
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Skill Composition: 3520 - Cooks and Food Preparation Workers

100% s working with others

o working efficiently
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= supervising people
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Skill Composition: 35201400 - Cooks, Restaurant

100% s working with others

~ working with digital devices and applications

s working efficiently

“ taking a proactive approach

e preparing and serving food and drinks

s performing administrative activities

s negotiating

e manipulating and controlling objects and equipment
“ documenting and recording information

e collaborating in teams and networks

Composition

2020

report_date
Note: The stability of skills in the Mathematician occupation can be contrasted with post-pandemic changes
in skills desired in the Cooks occupation over a 10 year period. Changes are magnified at the detailed
occupation level. Examining Restaurant cooks, after the COVID-19 pandemic, there is an observed increase
in the demand for collaboration and digital skills.

Figure 6: Top 10 Tasks by Month for Mathematicians, Cooks, and Fast Food Cooks



3.1.3 TaskMatch

TaskMatch provides detailed structured information from job ads about the nature of work performed
on the job. Each of over 20,000 O*NET task statements has a unique identifier, which is linked via a
hierarchical taxonomy to detailed, intermediate, and general work activities, which can be cross-walked
via O*NET to taxonomies of skills and abilities. TaskMatch bridges highly precise hand-created task
statements based on interviews with workers (i.e., those found in O*NET) and the ability to generalize
these statements to language in job ads that describe what a worker will do on the job.

TaskMatch is a two-stage model that first identifies task sentences in job ads, thereby reducing
false positives and the computational overhead of running semantic matching over every sentence.
The fine-tuned BERT model used in the first stage is lightweight (17 MB) and achieved an F1 score
of 99.44 on the held-out validation set during training. The semantic matching between O*NET task
statements and “candidate” task statements allows for expert-curated knowledge from O*NET to be
scaled efficiently over large corpora, in a way that is not made possible by rigid approaches such as
dictionary-based methods or computationally expensive methods such as using LLMs.

To enable independent assessment of the validity of TaskMatch and other tools, we develop a
data exploration tool that provides users the ability to inspect the top 10 tasks from each month by
major and detailed occupation codes, industry, and state. This allows for easy comparison to O*NET
data. We restrict the data in the application to show only cells with more than 200 job postings.
An illustration in Figure 7 for the Firefighter occupation demonstrates how the information extracted
from job ads aligns with — and differs from existing O*NET data. Table 5 provides the top 15 tasks
extracted for the Firefighter occupation (33-2011.00) and by comparison, the 6 most important tasks
in the O*NET data. There are subtle differences between O*NET data for this and other occupations
that suggest job ad informed O*NET task data might be preferable to O*NET’s data for certain

purposes.
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A. Top Tasks from NLx Job Ad Data

Count Months in Top 10  Task

15611
8226
6619
4017
2441
2164
2118
1961
1867
1529
1473

1460
1305
995
905

116
117
84
95
56
48
51
38
42
18
29

38
34
26
23

Participate in firefighting efforts.

Drive and operate fire fighting vehicles and equipment.

Conduct wildland firefighting training.

Clean and maintain fire stations and fire fighting equipment and apparatus.
Work with or remove hazardous material.

Rescue and evacuate injured persons.

”Conduct fire

”Communicate fire details to superiors

Develop training materials and conduct training sessions on fire protection.
Interview and hire applicants.

Assign duties to other staff and give instructions regarding work methods and

routines.

Operate safety equipment and use safe work habits.

” Direct

Maintain knowledge of fire laws and fire prevention techniques and tactics.
Supervise activities of other forestry workers.

B. Top Tasks from O*NET Data

Importance Category Task

93 Core ”Rescue survivors from burning buildings

91 Core Dress with equipment such as fire-resistant clothing and breathing apparatus.

90 Core ” Assess fires and situations and report conditions to superiors to receive in-
structions

90 Core ”Move toward the source of a fire

90 Core ”Respond to fire alarms and other calls for assistance

89 Core ”Create openings in buildings for ventilation or entrance

88 Core Drive and operate fire fighting vehicles and equipment.

88 Core Inspect fire sites after flames have been extinguished to ensure that there is
no further danger.

87 Core " Position and climb ladders to gain access to upper levels of buildings

87 Core ”Select and attach hose nozzles

86 Core Operate pumps connected to high-pressure hoses.

84 Core ”Maintain contact with fire dispatchers at all times to notify them of the need
for additional firefighters and supplies

84 Core Collaborate with other firefighters as a member of a firefighting crew.

83 Core Patrol burned areas after fires to locate and eliminate hot spots that may
restart fires.

83 Core ” Collaborate with police to respond to accidents

Note: For the September 2015 - June 2025 period, 294,651 tasks are extracted from 26,987 job postings in
the firefighter occupation. This table reports the top 15 based on data from an aggregated summary table
on the top 10 tasks for each month and occupation.

Table 5: The Top Fifteen Tasks for Firefighters in NLx Job Ad Data and O*NET Data.
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Note: An illustrative example of diagnostics information for the firefighter occupation using the Job Ad exploration tool. This illustrates the number of postings
each month, the availability of wage and firm (industry) data for the occupation, and the average match scores for occupation and industry matching for this occupation.
Data for from months with fewer than 200 observations are suppressed.

Figure 7: A Job Ad Data Exploration Tool with Shiny



Data exploration of subgroups can provide additional demonstrations of the convergent validity of
TaskMatch and other tools. As discussed above, a limitation of O*NET is the static representation of
occupational tasks based on data collection from a single point in time. Many labor market observers
assume that there is change in tasks within occupations over time. The data exploration tool enables
users to investigate trends and change over time, and assists in assessing convergent validity in combi-
nation with knowledge of specific occupational and industry on trends involved. For example, Figure
8 illustrates change in the top 10 tasks over time for the minor occupation group “3520 - Cooks and
Food Preparation Workers,” an occupation affected greatly by pandemic health concerns and post-
pandemic labor shortages often referred to as the “Great Resignation.” In the 2020-2022 time period,
task statements “Maintain sanitation, health, and safety standards” and “Developing employee work
schedules” grew as a share of the top 10 tasks sought by employers, corresponding to trends described
in trade publications (Littman, 2021).

Task Composition: 3520 - Cooks and Food Preparation Workers
o Stors fo i desgratercataioes an e srens o prevent spodnge.

Plan and establish schedules.
Maintain sanitation, health, and safety standards in work areas.

B80% L .
Maintain cleanliness of work area.
Heat and serve prepared foods.
5 Greet customers and make them feel welcome.
= 60% Enforce safety and sanitation regulations.
E Develop employee work schedules.
£ Assign duties to other staff and give instructions regarding work methods and routines.
8 40%
20%
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Note: The increased share of tasks involving managing employee work schedules (orange) during the 2020-
2022 period aligns with post-pandemic labor shortages and the “great resignation.”

Figure 8: Top 10 Tasks by Month for Cooks

3.1.4 FirmExtract

FirmExtract retrieves the firm name from the text description of job ads (FirmNER), with additional
capabilities to clean and standardize firm names, and perform a similarity match to other sources
of firm name information. In both the NLx descriptive data we examine, and in research using the
Lightcast data, the metadata for firm is missing for approximately 40% of observations (Hershbein and
Kahn, 2018; Lancaster, Mahoney-Nair and Ratcliff, 2019). We train a custom NER (Named Entity
Recognition) model (“firmNER”) to extract names from job ad text. FirmNER is created by fine-
tuning a DEBERTA-V3-BASE model on quality labeled data — a large sample of job ad data with firm
name present in the metadata.

In the next steps of FirmExtract, the extracted sequence representing the firm name is standardized
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and fuzzy matched to an existing collection of known firm names in the United States. We standardize
all extracted firm names using common firm record-linkage cleaners (Wasi and Flaaen, 2015). This
cleaning protocol standardizes firm names that can be subject to multiple spellings: “Seven-Eleven”,
“7-11 Inc.”, etc. We then fuzzy match firm names from job ads to firm names in a yearly file of U.S.
establishments licensed from Data Axle for 2015-2023. Data Axle’s information includes a unique
establishment ID, and indicates relationships between establishments, subsidiaries, and parent com-
panies. Data Axle fields also include industry (SIC and NAICS) for all firms, and sales volume, and
number of employees for many observations.

The top panel of Figure 9 illustrates the percentage of job ads each month that could be matched
to a unique firm ID, and thus industry. The bottom panel illustrates the average confidence score of
the extraction and the match for the duration of the period. After extraction, firm names are available
for approximately 75% of job ads in the NLx corpus prior to major improvements in data collection
by NLx in 2018, after which we are able to obtain a firm name and a link to industry for nearly 100%
of job ads.

Figure 9: Industry Availability in the Data
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The percent of job advertisements matched to a specific firm (top) and the model score / confidence in the
match (bottom).

To assess the representation of job postings by industry, we compare the distribution of job ads
across major 2-digit industry groups in the NLx data with FirmExtract to the distribution for all
employed workers in the U.S. with data from the Quarterly Census of Employment and Wages (QCEW)
(U.S. Bureau of Labor Statistics, 20250), as in the Hazell et al. (2022) analysis using Lightcast data.
We take the average share of employment by 2-digit industry (QCEW) and the average share of
job postings (NLx with FirmMatch Industry) for each year and plot the comparison in Figure 10.

While there are noticeable differences between job ad data from NLx and similar figures built with
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Lightcast data, there are similarities in that NLx postings with sector from FirmExtract significantly
under-represent the manufacturing, construction, and accommodation and food services sectors, and

over-represent information and professional, scientific, and technical services.

Industry Distribution Comparison: 2024
NLx Data w/ FirmMatch Sector vs. QCEW Annual Average Employment
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Figure 10: Industry Distribution Comparison, 2024.

3.1.5 WageExtract

WageExtract retrieves pay frequency, minimum, and maximum wages from the unstructured text of
job ads. We developed WageExtract by randomly sampling job ad sentences that contain a list of
regular expressions plausibly related to wages. We developed regular expressions to extract wages
from this text and manually audited and corrected each scenario present in the training data. We
then constructed a training dataset that distinguishes between sentences containing wage information,
and those that do not. Using this, we fine-tune a lightweight BERT-TINY binary classification model,
which quickly and efficiently identifies sentences with potential wage information. This model achieves
a 96.8% F1 score on the validation set.

We then fine-tuned a DEBERTA-V3-BASE model for sequence classification in order to extract the

\}
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spans of text containing the wage statements from the identified wage sentences. In particular, we use
custom tags to delineate whether an identified span refers to a lower range wage value (MIN) or upper
range wage value (MAX). The resulting model achieves an F1 of 99.8 on the validation set, which
measures the accuracy of predicting the correct spans containing wage information. Given the model
outputs, we design a simple parsing algorithm to separate the extracted spans into distinct MIN and
MAX return values. In addition to the nominal wage values, we also train a multi-class DEBERTA-v3-
BASE classification model to extract the pay frequency expressed by the wage values. These labels for
the training dataset were obtained likewise via crafted regular expressions, and manually checked for
validity. The training dataset represented a subset of 22k examples, and the resulting model predicts
pay frequency with a F1 of 99.6.

We combine the results of WageExtract with NLx’s structured wage information and post-process
results to remove outliers and standardize the wage as an annual salary, using either the point wage
provided or the midpoint of the wage range provided. For the duration studied, NLx structured data
includes a minimum or maximum wage for 4.62% and 4.15% of job postings. With WageExtract,
we obtain wage information for far more observations. Figure 11 illustrates that the availability of
wage information in our data hovers between 10% and 13% before 2022, and dramatically increases
beginning in 2022. In our dataset, the percent of job ads with wage data in the text reaches 39.6% in
May 2025.

Wage Source
—— Any Wage Data

= NLx Wage Data

= WageMatch Data
25%

Postings w/ Wage Data (%)

2016 2018 2020 2022 2024
Date

Figure 11: WageExtract: The percent of postings with wage information.

For comparison purposes, an analysis of structured data provided by Lightcast, Batra, Michaud
and Mongey (2023) report that 14% of job ads had any wage information between 2012 and 2017, and
8% had point data. Using data from Lightcast, Hazell et al. (2022) state that 5% of job ads include
point wage data from 2010-2019.
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Figure 12 demonstrates that availability of wage information varies significantly by state, and
increases significnatly following the passage of pay transparency laws. Colorado enacted the first
state-wide pay transparency law in 2019, and took effect in January 2021. Other states have followed:
Washington’s law took effect January 2023; New York in September 2023; Illinois’ law took effect
January 2025. With each law, the percent of job ads including a wage that we extract increases signifi-
cantly following passage. Arnold, Quach and Taska (2022) reports that availability of pay information
increases by 30 percentage points following the implementation of Colorado’s law and reaches 70% by
the year following the law taking effect. We find similar results in our dataset, for Colorado and other

states.
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Figure 12: WageExtract: Wage Information Availability in States with Pay Transparency laws, Florida,
and Texas.

Figures 13 and 14 display boxplots comparing OES data with wage results from WageExtract and
occupation coding from TitleMatch. Batra, Michaud and Mongey (2023) caution strongly against
using wage information from job postings as a proxy for administrative wage data. While we repeat
their finding that job ads consistently have wages that are “lower in high wage occupations and higher

in low wage occupations relative to the OES”, further research is needed.
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3.1.6 JobTag (CRAML)

The JobTag module of the Job Ad Analysis Toolkit (JAAT) classifies job ad text into user-defined
categories using niche classifiers built with the Context Rule Assisted Machine Learning (CRAML) tool
( , ). In particular, the nine classifiers are Random Forest classifiers,
train on expert validated “context windows” relevant to each niche class. For example, the class
‘ind_contractor’ loads a classifier that indicates whether a job ad contains language indicating the job
is on a contract basis, 1099, or otherwise indicated for ‘independent contractors.” Ten pre-defined
classifiers are currently included in the JobTag module. JobTag directly illustrates the merits of
CRAML’s domain-specific classifiers that are fine-tuned on expert-curated context rules.

The JobTag module is extensible in that it can support any number of newly added classifiers,
accomplished via the definition of a new class and its keywords, and then via the validation of extracted
context windows based on these keywords. In this way, should other researchers or practitioners develop
and publish niche classifiers, this module allows for coverage of novel, emergent, and specialized interest
in data extraction from job ads.

Figure 15 illustrates change in the percent independent contractor over time in different major sec-
tors. Appendix B contains additional illustrations by different groupings of occupation and industry
for a limited subset of the JobTag variables, features extracted from titles by TitleMatch, and dictio-
naries described below. The online data navigator provides additional opportunities to explore change

in the prevalence of these binary indicator variables over time, occupation, industry, and geography.

3.2 Dictionaries

We exact match terms using pre-existing and novel dictionaries that map to O*NET’s taxonomy of
work. As described in Appendix A, we map O*NET’s structure to additional dictionaries we adopt
or build. Custom dictionaries we develop are presented in Appendix E Tables E.1 - E.4, and include
dictionaries for job title features (used to build training data for TitleMatch), benefits, education, shifts,
and drug, background and criminal background checks. Standard dictionaries from the management
literature are described in this section and presented in more detail in Appendix E.6.

To execute dictionary-based strategies, we use patent-pending analytic engines that scale large
‘knowledge maps’ with unique concept identifiers and association rules over unstructured text with
exact matching ( , ). ‘Knowledge maps’ find and match one or more
keywords to a standard label or code at high speed. Capable of addressing negation and complex
association rules such as the presence of multiple unique concept identifiers within a specified span,
lists of terms, such as the O*NET dictionary of 21,841 tools and technologies, are run against the

corpus and return UNSPSC codes associated with the presence or absence of the dictionary term(s)
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Independent Contractor by 2-Digit NAICS Group
Each chart shows the trend for a single group
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Figure 15: Independent Contractor by major NAICS sector.

within each job ad.

We visualize results for several of the O*NET dictionaries in an abbreviated fashion here to provide
suggestive description of how this may be of use to other researchers. General occupational interests
used in vocational interests and career planning and based on Holland’s (1997) RIASEC (Realistic,
Investigative, Artistic, Social, Enterprising, and Conventional) framework, are captured using a dic-
tionary of RIASEC keywords developed by O*NET (Rounds, Putka and Lewis, 2022). Figure 16
illustrates that as a share of the total RIASEC keywords extracted, there has been an approximately
1% decline in the share of enterprising and social keywords, and a 1% increase in investigative keywords
between 2015 and 2025.

As described in Appendix A, O*NET’s taxonomy incorporates all important elements of work,
but does not sufficiently elaborate them. To illuminate the organizational context of work within
the O*NET framework, we developed several novel dictionaries and deployed standard dictionaries
from the business and management literature. For example, several novel dictionaries indicate various
aspects of scheduling predictability and flexibility of the job, and other novel dictionaries include a
dictionary of diversity, equity, and inclusion terms based on a subset of the list of terms recently
reported to the subject of scrutiny by the federal government (Yourish et al.; 2025).

Figure 17 illustrates several indicators of job flexibility and predictable schedules for three large

occupations: Home Health Aides, Nurses, and Retail Salespersons. Specific shift includes phrases



Trends in RIASEC Personality Traits in Job Postings
Social and Enterprising traits remain dominant, while Artistic roles show steady growth.
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Figure 16: RIASEC Keywords as a Percent of All RIASEC keywords.

associated with a specific, predictable shift; flexible schedule indicates all kinds of unpredictable and
flexible schedules, including those that indicate a willingness to accommodate workers’ preferences;
flexible for employer indicates a desire for workers who can work hours that the employer prefers.
The results suggest a rise in flexible schedules and predictable shifts in the last decade across these
three large occupations. While registered nurses and home health aides generally have a low percent
of postings with expectations that the worker be flexible for employer needs compared to retail sales,
there was a significant increase in expectations for flexibility around employer needs for home health
aides during the 2020-2022 post-pandemic time period.

Standard dictionaries presented in the Appendix E.6 including recruiting signals (Banks et al.,
2018); time horizon (Brigham et al., 2014; Brochet, Loumioti and Serafeim, 2015; DesJardine and
Bansal, 2019); innovation (Heyden, Sidhu and Volberda, 2015); digital orientation (Iindermann
et al., 2021); creativity (Haselhuhn, Wong and Ormiston, 2022); attention (Levy, 2005); ambidex-
terity (McIKenny et al., 2018a); entrepreneurial orientation (McIKenny et al., 2018b; Short et al., 2009);
Value Orientation (Moss et al., 2018); Corporate Social Responsibility (CSR) (Pencle and Malaescu,

2016); Sustainability Orientation (Vaupel et al., 2023); Market Orientation (Zachary et al., 2011).
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Indicators of Job Scheduling Flexibility
Grouped by SOC. Smoothed to show long-term patterns.
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Figure 17: Indicators of Job Flexibility.

3.3 Aggregations: Month, Occupation, Industry, Geography

We aggregate data at month, occupation, industry, and geographic levels in order to build data that
is usable for research and practitioner purposes. Occupation and industry aggregations at the 2-digit,
4-digit, and 6-digit level are performed with the output of TitleMatch and FirmMatch, respectively,
as described above. We create sums, means, and percentile variables to reflect the underlying data

within a “month” that we create as described below.

3.3.1 Building a Time Series: Month

For months after September 2015, NLx provides monthly ‘job’ files with one row per unique job ad,
grouped by the month of a job ad’s last date_compiled. The NLx field date_compiled provides “the last
date [a job ad] appeared in the job feed.” As displayed in Figure 18, monthly job files begin September
2015. One month — November 2017 — is missing. Several months contain an unusually large numbers
of job ads.

NLx has improved systems for collecting and storing job ad data over time. A major data warehouse
upgrade in 2021 added comprehensive job history tables that track more precise windows of dates when
job ads were posted. For periods prior to 2015, the NLx API provides access to additional job postings.

As the monthly file contains only the job postings in the month in which they are last posted,

35



Figure 18: Count of Monthly Job Ads by Date Compiled
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its contents include many postings that were visible in earlier monthly periods. Analyzing NLx data,
Hashizume (2024) finds half of job postings from Fortune 500 firms are available for 37 days or less,
and that there is a long tail of “evergreen jobs” posted for long durations: 25% of job postings are up
for more than 90 days, and 10% for more than 180 days. Employers often use evergreen postings to
fill multiple vacancies for stable roles with steady demand over long durations — these assist employers
seeking to meet just-in-time hiring needs. At the extreme end, 20 job postings have been posted for
the entire 16 years the NLx has data, dating back to 2007, leading some to call these “phantom” or
“ghost” jobs. As Hashizume (2024) describes, both states and employers address vacancy duration
differently: while most states do not impose a time limit, several states cull their records after 30/60/90
day periods, and many employers set initial 30, 60, or 90 days as initial windows for postings, and
then may extend these. Hashizume (2024) finds that employer differences seem to drive the variation
in job posting duration.

As each monthly file can be subject to large fluctuations and includes only the postings that were
last posted in that month, we investigate techniques to reflect that many of these postings were on
display in earlier months, smooth the data appropriately, and reduce the potential for noise in a given

monthly ’jobs’ file to drive results.

3.3.2 Data smoothing

Researchers may wish to smooth data. We analyze the job history table provided by NLx and compare
NLx aggregate counts to estimates of job openings provided in the Job Openings and Labor Turnover
Survey (JOLTS) (Bureau of Labor Statistics, U.S. Department of Labor, 2025). Research on job
vacancies provide a variety of findings and techniques to address online job posting durations. An

analysis of JOLTS data from 2001-2009 estimates a mean vacancy length of 14-25 days, and that each
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job opening yields between 1 - 1.8 hires (Davis, Faberman and Haltiwanger, 2013). With LinkUp data,
Chen and Li (2023) drop job ads that are posted for more than 180 days and find an average posting
duration of 36.5 days and median of 23 days. Mueller et al. (2024) find a mean posting duration in
Austrian job postings of 30.5 days. Using UK job postings data, Bassier, Manning and Petrongolo

(2025) find a mean posting duration in UK job postings of 17-18 days.
Figure 19: Distribution of NLx Job Posting Duration in 2024
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We first analyze the monthly ’job history table’ available since June 2021 to understand patterns
of job duration in NLx data. We find the maximum duration for each job posting appearing in each
monthly job history file. This answers the question: how long have job postings active in a particular
month been posted? Figure 19 provides boxplots of durations of job postings in the monthly job
history files in calendar year 2023. The median ranges between 29 and 47 days, the mean between 125
and 158 days, and the 75th percentile of durations is between 80 and 120 days. It appears that more
than half of job postings compiled in a typical month will also appear in the prior month, and more
than 25% will appear 3 or more months prior to the month in which they are compiled.

Based on the above analysis, we sought to assess the tightness of fit between different approaches
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to aggregating the NLx postings data and JOLTS data. We aggregate the national monthly count
of NLx job postings from the monthly jobs file. For testing purposes, we create the monthly count
of postings from a single monthly file (at time 0) and using the monthly file of one or more of the
preceding or subsequent monthly files within a 4-month range. This ‘rolling sum’ approach allows us
to assess whether adding leading or lagging months to a focal month would improve the fit between
our dataset and JOLTS data.

Figure 20 illustrates the correlation between alternative rolling aggregations of the monthly count
and JOLTS monthly job openings data. The overall and yearly correlations illustrate several descrip-
tive findings: 1) adding one lagging month typically decreases the correlation, 2) the correlation has
increased in recent years compared to earlier, and 3) there is a stronger correlation when adding 3 or
4 months of leading data following the publication of the monthly file. The overall correlation is 0.7
when adding three months of data, including for all years since 2020 (a year where both job postings
and official statistics collections may have been especially affected by pandemic related challenges).
Because gains after three months appear to be small, and based on the above analysis, researchers

may choose to add leading data to each focal month’s dataset for analysis purposes.

3.3.3 Geocoding: State and Zip Code to Commuting Zone

For geographic analysis, we standardize the state field from NLx metadata, and use the zip code from
the NLx metadata to construct 1990 commuting zone level data. We link zip codes from job ads to
county FIPS codes provided by ( ). If a zip code includes more than one county
FIPS, we assign the zip code to the county with the greater proportion of businesses. We link from

, 1996).

FIPS codes to 1990 commuting zones / local labor market areas (
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4 Results

Our results are capable of providing both telescopic and wide-angle evidence of how labor market
demand changes, with an unprecedented number of features of work within and across occupations
over time, and by industry, and geography. We highlight several results for several key audiences:
1) implications for researchers with illustrations of the potential to measure labor market change
and shocks in granular detail and unprecedented large-scale description of national trends in skills,
tasks, and management practices; 2) implications for workforce development and education planning
professionals with an illustrative sample report on an occupation. Each result presented here requires
more in-depth research. Users of this information should proceed with an awareness of the known

limitations of this new data, which are described more fully in the concluding section.

4.1 Applications for Research

Aggregate data released and tools in the JAAT toolkit are available for research purposes. Trained on
job advertisement text and custom built, the JAAT toolkit can be especially helpful for researchers
examining and comparing the extracted and structured information in job ads and other sources of
information. While the data released contain a great deal of information that may be useful for specific
studies, JAAT tools may be of assistance when working with raw NLx or proprietary job ad datasets
for specific study designs. Here, we demonstrate how the aggregate data can be of use in the study of
how technological and other shocks affect the organization of work and jobs as an aid to exploration

and discovery as well as an input to future work focused on causal inference.

4.1.1 A Wide-Angle Lens on National Trends

In a turbulent ten year period of economic change including a global pandemic, hot labor markets,
supply-chain disruptions, and technological shocks, trace evidence of trends that gradually transform
the labor market, and shocks that quickly change employer demand in labor market should be evident
in the 2015-2025 time frame. Many research agendas that depend upon access to the scale and real-time
data to understand these changes and shocks can be furthered by these data.

Tight pre-pandemic and post-pandemic labor markets (referred to as the “great resignation”) oc-
curred incrementally and are likely to effect more than the overall demand for labor for the duration of
a period with extremely low unemployment. The release of ChatGPT on November 30, 2022 heralded
rapid advances in generative Al, and the COVID-19 pandemic, beginning in March 2020, are examples
of shocks — sudden unexpected events with far-reaching implications. Such shocks can have short and

long term impacts. Over a longer period of time, generative Al is likely to transform occupations
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as workers adopt technology to replace their effort on certain tasks ( ). COVID-19
closed many workplaces to all but “essential workers” in the short-term, with effects on the composi-
tion of available jobs, and likely had lasting impacts on the organization of work at different levels of
education, in specific sectors, and occupations.

Event studies and plausibly exogenous technological and policy shocks are rare in research with job
postings. ( ) demonstrate that it is possible to trace the extinction of technolo-
gies through job postings, and ( ) trace the impact of board members’
prior political experience on recruitment policies after a political upset in 2017. However, no prior
public research-use dataset has been able to follow change at a highly-granular level, including change
within occupation at the task-level, in combination with thousands of features such as technologies,
tools, using the standard taxonomies for skill and other features.

To illustrate significant national trends and shocks in labor market demand demand by employers,
we demonstrate: 1) meaningful shocks that alter demand for specific task bundles in the last ten
years; 2) changes in the measured linguistic complexity of job postings over the 10 year period; and 3)
national trends involving the gradual rise of project-based work, which is detected at the task level,
especially after the pandemic, and the rise of interpersonal work activities as a share of postings; and
3)

Figure 21 presents a time series of tasks related to cleaning, inventory and purchasing, recruiting,
and scheduling from the 2015-2025. This figure presents both both count and percent (as a percent
of job postings in a month) to illustrate that the composition of job postings in the labor market
and number of jobs involving a task being offered are different but both relevant. Moving clockwise
from the top left quadrant of Figure 21, we first illustrate change in cleaning tasks (Task IDs 23536,
20779, 9515, 20790, 23102, 23557). A national increase in the count of cleaning-related tasks within job
postings is evident after 2020 and the pandemic. However, the proportion of jobs including cleaning
tasks does not increase until 2023. This may be due to changes in the composition of labor demand
during the period of pandemic restrictions: while there was increased demand for cleaning among
jobs that were open, the overall labor market demand may have been biased against in-person jobs
that require cleaning. Pandemic-induced shifts in consumer demand and international supply chains
disrupted inventories following the onset of COVID-19.

As a percent and a count, tasks related to inventory and purchasing increased dramatically in
months immediately before and after January 2021 (Task IDs 15704, 1333, 72). The bottom right panel
illustrates a dramatic increase in scheduling related tasks (Task IDs 23695, 18658, 1106) beginning in
2021, a period referred to as “the great resignation” and one in which employers made efforts to retain

workers. Flexible scheduling and stable work hours are a top worker amenity, especially for women and
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other groups, with significant implications for labor market participation (Bell, 2020). The bottom
left quadrant displays tasks involving recruitment and hiring (Task IDs 22954, 23170, 17611, 9711,
18858, 21313). Recruitment peaks pre-pandemic and post-pandemic are interrupted by a plunge in

recruitment related tasks during the peak pandemic period.

Task Bundle Trends: Raw Counts vs. Percentage of Total Jobs
Comparing absolute numbers with proportional contribution over time
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Figure 21: National trends in task bundles related to cleaning, inventory and purchasing, recruiting
and scheduling, since 2015.

We construct the Fleisch-Kincaid readability score for all job ads and provide the average by
occupation and other groups. Figure 22 demonstrates a stark decline in the readability of job ads
in the months following the COVID-19 pandemic, likely due to changes in the composition of jobs
posted in that time period and a shift in labor market demand toward jobs requiring higher levels of
education. In the months after December 2022, there is a sharp decrease in the linguistic complexity
of job postings nationally, which may suggest the adoption of large language model tools that can aid
recruiters in writing the postings, and job seekers in accessing jobs through improved readability.

Examining the 10 most common task statements with a decade of data, we note a significant

growth in the share held by Task ID 21462 “Assign duties or responsibilities to project personnel.”
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Figure 22: National Changes in the Readability of Job Ads

This growth has occurred in conjunction with an overall stability in Task IDs related to assigning work
to employees or staff, e.g., Task IDs 659, “Assign employees to specific duties.”, and Task ID 9583
“Assign duties to other staff and give instructions regarding work methods and routines.” Figure 23
Panel A (top) illustrates that, for all occupations, the project related Task ID is 0.6% of Task IDs
in 2015 versus 6.0% in 2025, while assignments of work to staff or employees is relatively flat over
the time period, moving from 5.1% to 5.6%. The subtle difference that the model picks up between
unique Task IDs related to projects versus staff or employees merits deeper investigation, and would
be washed away at even the next level of aggregation, the detailed work activity, where these Task IDs
fall under DWA 4.A.4.1.4.113.D06 with the label “Assign duties or work schedules to employees.”
The last major trend we note is the rise of interpersonal work activities, including managing people,
communication, and providing consultation. This change is visible at the work activities level. As seen
in Figure 24, for all occupations, the percent of jobs involving supervision of people increases from
13.8% to 14.8% from 2015-2025. Again, the change can be seen more dramatically within detailed
occupations. In the software developer occupation, managing people grows from 13.7% to 17.5% of

work activities over the duration.
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Each task is shown in its own panel to highlight trends
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Note: The growth of project-based work is visible nationally as a percent of all job postings.

Figure 23: TaskMatch: The growth of project-based work

Figure 24: TaskMatch at the Activity Level: Increased Emphasis on People Management
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Documenting/Recording Information

Guiding, Directing, and Motivating Subordinates
Handling and Moving Objects

Monitor Processes, Materials, or Surroundings

Other

Performing General Physical Activities

Thinking Creatively

Training and Teaching Others



4.1.2 A Telescope for Finer-Grained Analysis

Our dataset is capable of tracking change within detailed occupations, as suggested above in the
rise of health-related tasks and scheduling for cooks and food preparation workers post-pandemic in
Section 3.1.3 and Figure 8. The opportunity to track fine-grained changes provides additional means
to assess labor market change. Taking one example from the prior section, the shift toward project-
based work is particularly dramatic in specific occupations. Figure 25 illustrates that, for Software
Developers, assigning duties to project personnel did not appear as a top 10 task in 2015, and grew
to 43.8% of all tasks for the occupation by 2025. Further investigations by occupation and industry,
especially when paired with subject matter knowledge and expertise, could suggest whether this is a
shift in the organization of work toward flatter, specific purpose project-based teams, and/or fissuring
of employment and outsourcing, and a growth in management of vendor staff rather than employees

of the direct firm.
Composition of Top Task Over Time
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Figure 25: Growth in Project-Based Work and Interpersonal Activities in Software Developer occupa-

tion (15-1252.00). At top are the Top 10 Tasks for Software Developer. The growth of project-based
tasks is depicted in light blue.

Percent Composition
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As another example from the above section, adoption of generative Al technology in recruitment
posting may be less or more prevalent in specific industries and/or geographies. Figure 26 features the
change in readability of job ads nationally in contrast to different sectors including information, public
administration, education, and health care. Information sector job postings become more readable
faster than the national trend following the launch of generative AI tools, while adoption in the
education and health care sectors are slower but converging toward the national level, while public

administration postings have a smaller change.
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Figure 26: Information Sector Changes in the Readability of Job Ads

Along with the shock to the entire labor market with the widespread adoption of large language
models (LLMs), our dataset allows us to see historical changes in key occupations that may presage
broader transformations. For example, machine learning algorithms and data mining are understood
to be essential to advances in computer science, Al, and LLMs. Using TaskMatch output, Figure
27 indicates that within the Computer and Information Research Scientists occupation (15-1221.00),
there has been considerable growth in job ads indicating tasks that involve ML algorithms and data

mining.

Composition of Top Task Over Time Q - i
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Figure 27: Transformation of the Computer and Information Research Scientist Occupation

This gradual, decade-long rise in tasks related to machine learning algorithms and data mining in
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the computer and information research scientists occupation is an example of a discovery otherwise not
readily available for researchers to access from current data sources. We also leverage the available list
of tools and technologies from O*NET, and custom dictionaries built to track mentions of “Artificial
Intelligence” and its variants (Al, e.g.), as well as a more detailed list of technical terms related to
AT (e.g., “machine learning”, “neural networks”), to assess changes in technology adoption. Figure
28 illustrates that as a percent of all job postings in the computer and mathematical occupations,
products related to databases appear most frequently for much of the duration, with technical Al
terms rising rapidly in the mathematical sciences and exceeding the percent of data analysis software
more recently.
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Grouped by SOC. Smoothed to show long-term patterns.
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Figure 28: Al and Related Technologies in Computer and Mathematical Occupations.

Visualizing the aggregate data can serve as a vehicle for exploration suggesting areas that require

additional in-depth research. Aggregate data will be made available upon publication.

4.2 Applications for Practitioners: A Sample Occupational Report

We provide an abbreviated and illustrative report in Appendix D for one occupation using the data
exploration tool we develop to highlight how an O*NET informed by job ad data might improve the
understanding of changes in labor markets for practitioners. Figure 4 illustrated a significant decline
in the percent of all U.S. workers in the Office and Administrative Support occupations. To peer

into possible changes within an occupation that is in decline as an overall share of the workforce, we
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examine Secretaries and Administrative Assistants, an intermediate level of aggregation (inclusive of
43-6011, 43-6012, 43-6013, and 43-6014).

An examination of a decade’s worth of job ads demonstrates that in the Secretaries and Adminis-
trative Assistants occupations: 1) performing administrative activities as a percent of work activities
and as a skill is in decline, 2) training others is a rising work activity, 3) working with and leading
others and supervising people are rising skills in this occupation, 4) taking a proactive approach is
also rising, and 5) at the task level, greeting, protecting property, and placing displays were the top 3

tasks in 2015, while in 2025, the top 3 were all related to assigning duties to others.
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5 Future Directions

This paper contributes new data and tools that point to a direction for advancing research and practice
by combining O*NET and job ad data. By overcoming limitations to access created by proprietary
methods and data providers, this research and the NLx Research Hub data can support further devel-
opment of a vibrant and more open ecosystem for labor market information ( , ;

, ). While this pilot project demonstrates potentialities of NLx job ad data and
O*NET, it “takes a village” to build a robust data ecosystem that share and manage data well, as in-
formation scientists have demonstrated ( , ). In other scientific fields, central-
ized repositories, dictionaries, taxonomies, and ontologies have received more funding over many more
years than comparable resources such as O¥*NET. Further refinement and elaboration of standard tax-
onomies when combined with job postings data is possible, including with the data generated here and
the JAAT toolkit. Models of multiple levels of government and public-private-philanthropy-research
collaborations demonstrate a path forward to create data infrastructure and have both demonstrated
| 2021).

The aggregate data we build can support many more detailed investigations, some suggested in

value and capabilities to provide security around sensitive information (

the manuscript body. Especially useful will be studies that incorporate firm-level HRM policies.
Existing measurement of firm-level HR and management practices is often reliant on a single respondent
survey of an establishment. Research on the impact of HRM practices still faces this issue 25 years
after ( ) identified the substantial measurement errors due to incumbent methods.
Measurement and assessments of job quality, DEI practices, firm corporate social responsibility, and
environmental, social, governance policies — often featured in job postings and one of the features of
organizational context we capture — often suffer from opaque analysis, with measures obtained via
obscure methods, with low convergent validity and far less coverage than is possible from job ads
( , ; , ; , ). While
imperfect, job ad and other textual sources of information in the public domain (or as managed by a
trustee with a mission to support research) have great potential to advance knowledge and practice.
Results of post-hoc tests with LLMs and SkillMatch, and testing TitleMatch with LCA data,
provides data and direction for future iterations of these models. While benchmark data does not
exist, and while there are limitations with LCA data and with Career One Stop data used here to test
our models out of sample, further work could yield benchmark datasets for model building and testing
in the job ad classification domain. High-frequency missed matches between JAAT output and LLM
judges or LCA data could be manually audited, and added in the future to the TitleMatch training
data. For TitleMatch, low-frequency job-title occupation code combinations could be removed to aim

for a model that returns the modal occupation code for a given title.
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The Job Ad Analysis Toolkit is available now for other researchers to extract structured information
from the unstructured text of job ads. Other research groups could similarly pursue data and tool
contributions that improve upon measurement, including those developed here. While purpose-built
for job ad text, JAAT tools may be of use in extracting information from other labor market corpora
according to standardized schemes. Our aggregate data created will be released upon publication, and
may be useful to developers, practitioners, and researchers as an input to further research. We plan to

continue to update the data monthly until at least December 2025 under current funding and plans.

5.1 Limitations

Given the volume of data construction, beyond the tests and small n validation work we report in this
paper, we cannot make representations about the accuracy of individual features extracted or provide
a confidence level for individual subgroups in the aggregated dataset. With any ML model, there may
be issues arising from inaccuracies in the training data. As models improve, and in our own work,
better and different results may be obtainable from the same training data. Users of the data should
assess its suitability for specific purposes.

Researcher judgment in interpreting aggregate output is required — the meaning of and the keywords
associated with concepts such as CSR can change rapidly ( , ). We perform
no cleaning of suspect identifications in post-processing and do not hide model output, and caution
users to use judgment and audit model outputs on their own data. We notice, for example, TaskMatch
returns tasks related to recruitment interviews for many occupations where recruitment is likely not
a task that the worker will perform on the job, but one that a candidate must undertake during
the job screening process. The output of individual tools in the JAAT toolkit is subject to nuanced
interpretation.

For example, the sample of reported titles can incorporate a single title into multiple occupations.
Other elements from LCA data such as skills, required education, and career level, and information
extracted from job ads, such as NAICS, tasks, and tools, could contribute to a more robust occupation
coding model that considers more information than job title alone. This step is likely necessary for
the many job titles that do not fit neatly within a single occupation. We leave in all observations, but
better prediction of occupation should be possible in the future by incorporating results of the LCA
analysis and additional information we extract from job ads.

While aspiring to FAIR standards ( , ), and providing a dataset with the ML models
and dictionaries that built it, we cannot release all information. We cannot share training data due to
agreements that limit the ability to share any information obtained at the row-level. Our agreement

with NLx allows disclosure of information at aggregate levels only, only for the purpose of an approved
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project. This means that underlying training data for models we build, which include short excerpts
of real job ad text and their associated labels, cannot be shared. Pursuing additional research topics
with NLx’s data can be done through their project review process.

There is no standard benchmark job ad description dataset online to permit benchmark testing
of model performance. This limits the ability of researchers to develop models independently using
the same training data, or to compare our results against an agreed upon benchmark of labeled data.
Because we use established dictionaries and taxonomies as the principal approach to extraction and do
not interrogate all of the text features extracted, whether the appropriate label is used for a given fea-
ture is not addressed. As a result, while we adopt the standard dictionaries and taxonomy of O*NET,
existing taxonomies are known to be non-exhaustive in their coverage of features as well (

, ), and we pursue novel creation of only a small number of JobTags or dictionaries. Results
are necessarily ad hoc and another researcher might achieve different results: control over the answer
to questions such as “is a hotdog a sandwich?” might appear unimportant, but many important legal
and business cases revolve around similar questions ( , , pgs. 3-27), and researchers and

practitioners often have diverse use cases.

5.2 Conclusion

We build custom ML models and tools to create an aggregated dataset to understand change in the
workplace using job ad descriptions and data from the National Labor Exchange Research Hub and
O*NET’s structured taxonomy as a basis feature extraction. Potential applications for researchers
and practitioners are described. Intended to overcome limitations in O*NET data collection and
proprietary job ad datasets, the data and models built here are suggested to have high potential for

future use in research and practice. Further research is needed.
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A Appendix: O*NET Features Mapped

We initiated our work by inspecting the O*NET database scheme. We directly incorporated many
of the O*NET tables and structures into the design of our work. Figure A.1 illustrates the entity
relationship diagram for the database, and early notes we made to prioritize certain tables. Toward
the center left, in dark red, is the Content Reference Model, a table is the “conceptual foundation of
O*NET” and that joins all major features of the O¥*NET database into a single unified taxonomy for

understanding the most important aspects of work.

Figure A.1: O*NET 29.1 Entity Relationship Diagram

In green on the top left side of the figure are task statements and crosswalks to work activities. In the
yellow box to the right are occupational values for task intensity calculated in O*NET. The crosswalks between
work activities (4.A.) and skills (2.A.) and abilities (1.A.) are on the lower left side in dark yellow. The box
in dark red to its right is the Content Reference Model that ties together the various tables of the database.
In orange on the right are tables that we used or considered using. On the far right are tables in O*NET that
were less relevant to this work.

For the dataset we sought to create, O*NET provides the scaffolding, and in many cases the
detail necessary for creating standard structured data. We pursued elements of the O¥NET Content
Reference Model with the opportunities provided by rich detail from frequently updated job ads data.

Table A.1 displays O*NET’s content at a depth of two levels. Where the level of detail within the
O*NET database and the survey method of data collection have limited O*NET’s comprehensiveness,
we augment its tables with real job ad text from NLx to boost the available training data for ML,

and supplement O*NET by cross-walking its skill elements to the more elaborated ESCO taxonomy
of skills.

61



Table A.1: O*NET Content Model Overview

1 Worker Characteristics 2 Worker Requirements 3 Experience Requirements
1.A Abilities 2.A Basic Skills 3.A Experience and Training
1.B Interests 2.B Cross-Functional Skills 3.B Basic Skills - Entry
Requirements
1.C Work Styles 2.C Knowledge 3.C Cross-Functional Skills -
Entry Requirements
2.D Education 3.D Licensing
4 Occupational 5 Occupation-Specific 6 Workforce Characteristics
Requirements Information
4.A Generalized Work Activities 5.A Tasks 6.A Labor Market Information
4.B Organizational Context 5.C Title 6.B Occupational Outlook
4.C Work Context 5.D Description
4.D Detailed Work Activities 5.FE Alternate Titles
4.E Intermediate Work Activities | 5.F Technology Skills
5.G Tools

Table A.2: O*NET’s structure covers nearly all elements related to work and provides scaffolding for
extracting information from job ads.

A.0.1 O*NET 1: Worker Characteristics

O*NET includes measures of worker characteristics. Job ads often state a desire for worker charac-
teristics. We did not seek to extract Abilities (1.A.), measures of which can be constructed with a
cross-walk provided by O*NET that links Abilities to Work Activities (O*NET 4.A), (described in
Section 3.1.3). Interests (1.B.) include general occupational interests (1.B.1) based on Holland’s ( )
RIASEC framework, which we capture using a dictionary of RIASEC keywords provided by O*NET
( , ). We do not construct a separate model to complete elements of Work
Values (1.B.2.) or Basic Occupational Interests (1.B.3) or Work Styles (1.C.). Some of these might
be ascertained theoretically or by examining other sections of O*NET. For example, Dependability
(1.C.5.a) as a worker characteristic is likely to be implicated in a job’s description of a required shift

or schedule (4.C.3.d.4), which is described below in Section A.0.4.

A.0.2 O*NET 2: Worker Requirements

Basic and Cross-Functional Skills (2.A. and 2.B.) can be constructed with a cross-walk provided by
O*NET that links Skills to Work Activities (O*NET 4.A, described in Section 3.1.3). However, to
increase the level of detail and directly capture empirical data on skills, we also develop a skill match-
ing model (SkillMatch) described in Section 3.1.2 that is based upon the more elaborately detailed
European Skills, Competences, and Occupations (ESCO) database v 1.20.

We do not construct a separate model for Knowledge requirements (2.C.). We build a dictionary
(see Table E.3) to capture the Required Level of Education (2.D.1). We do not capture field of

education requirements (2.D.3.). We capture jobs that reference Spanish language skills, but not other
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languages.

A.0.3 O*NET 3: Experience Requirements

We do not capture the number of years of related work experience required (3.A.1). We capture
whether training is described in a job ad (3.A.3.). We do not systematically capture which basic or
cross-functional skills are specifically mentioned as requirements for entry into the occupation (3.B. or
3.C.); these could perhaps be calculated from data we provide on skills in entry-level jobs within an
occupation. We do calculate a Fleisch-Kincaid readability score for each job posting, which informs
reading comprehension entry requirements (3.B.1.a). We capture whether an occupational license is
indicated in the job posting (3.D.), but not which one (3.D.2.), or whether it is preferred or required.
We capture several entry requirements that are imposed by the organization (3.D.5) or government
(3.D.5.a), such as drug and criminal background checks (see Table E.4) and requirements related to
work authorization and visa sponsorship. We capture presence of a labor union and/or a professional

association (3.D.5.C).

A.0.4 O*NET 4: Occupational Requirements

O*NET hierarchically structures generalized work activities (4.A.) into intermediate activities (4.E.)
that span occupations, and detailed (4.D.) work activities that reside within an occupation, which are
further detailed in over 20,000 occupation-specific task statements (5.A). We identify task statements
within each job advertisement separately from identifying occupational codes from titles. Technical
detail is provided in Section 3.1.3. Therefore, we do not impose a requirement built into O*NET that
a task lies within only a single occupation.

Organizational Context (4.B.) includes “characteristics of the organization that influence how peo-
ple do their work.” Organizational context includes structural characteristics (4.B.1) such as human
resources systems and practices (4.B.1.b.) and recruitment and selection processes (4.B.1.b.1). We
develop novel dictionaries for Diversity, Equity, Inclusion, and Belonging (DEIB), elements of the re-
wards system (4.B.1.b.3), including benefits from a dictionary we build. We develop a custom NER
model (“WageExtract”) to extract wage information from job ad text (see section 3.1.5).

Social Processes (4.B.2) include culture, values and principles of the organization. A number of
the dictionaries that relate generally to organizational context (4.B.) are standard dictionaries from
the business and management literature, presented in the Appendix E.6.

Work Context (4.C.) includes features we capture, including whether work must be done physically

close to others, and required work schedules for the position (see Appendix Table E.5).
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A.0.5 O*NET 5: Occupation-Specific Requirements

Task (5.A.) extraction is described further in the methods section 3.1.3 on TaskMatch. Titles (5.C.)
and Alternate Titles (5.E.) are described above as related to occupation, with additional technical
detail on “TitleMatch” in Section 3.1.1. Many features from titles are extracted and described in
Table E.1. A dictionary of technologies (5.F.1.) and tools (5.G.1) is included in O*NET.

The O*NET database includes United Nations Standard Products and Services Codes (UNSPSC)
for a list of bespoke tools ranging from ‘abdominal binders’ to ‘Zylonite files’, as well as technologies
such as ‘Microsoft Office.” We remove terms that generate many false positives. For example, we
removed 96 items that generated excessive false positives (e.g., “scale”, “range”) from the O*NET
tools and technologies dictionaries. We add Artificial Intelligence keywords from ( )

and a novel list of Al related terms.

A.0.6 O*NET 6: Workforce Characteristics

Labor Market Information (6.A.) and Occupational Statistics (6.A.1.) incorporate “information related
to economic conditions and labor force characteristics of occupations.” We utilize job advertisements
to calculate occupational and industry labor market concentration within commuting zones using the
Herfindahl Hirschman Index (HHI), as done in earlier research ( , )
with CareerBuilder.com data. While we do not attempt an Occupational Outlook (6.B.) or Projections

(6.B.1.), data extracted here could be well-suited for that purpose.
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B Descriptive, Robustness, and Comparison Figures

This appendix contains additional figures comparing the industry, occupation, and wage distributions

dataset with official government benchmarks (QCEW and OES) in multiple time periods.

B.1 Annual Industry Distribution Comparison (vs. QCEW)

Industry Distribution Correlation Over Time
Paths show movement over the years. Arrows show final year's change.
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Figure B.1: Trajectory of Industry Correlation Over Time.
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Industry Distribution Comparison: 2020
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Industry (NAICS)

Industry Distribution Comparison: 2015
NLx Data w/ FirmMatch Sector vs. QCEW Annual Average Employment
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Figure B.5: Industry Distribution Comparison, 2015.

D

9



QCEW (% of Total)

Industry Distribution Correlation: 2015
Pearson Correlation: 0.454

Health Care and Social Assistance®

Retail Trade
[

10% -

Accommodation and Food Services ’
Edugational Services ’

Manufacturing ’

Public Administration R
and Support and Waste Management and Remediation Services
Manage’1ent of Companies and Enterprise:

p)

5 Professional, Scientific, and Technical Services

%

Construction e
,

Wholesale Trade
L]

.
Transportation and Wal;eh'ousing Finance and Insurance
Other@ervices (except Public Administration)

.

,
. . Information
Arts, Enterta@m’ent, and Recreation ()
@¢eal Estate and Rental and Leasing
Mining, Quarrying, and Oil and Gas Extraction
7

Agriculture, Forestry, Fishing and Huntiagh — Missing
09 4 Utilities LJ

0.0% 2.5% 5.0% 7.5%
NLx Data w/ FirmMatch Sector (% of Total)
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B.2 Annual Occupation Distribution Comparison (vs. OES)
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Figure B.7: Occupation Correlation (3-Year Sample), 2024.
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Figure B.10: Occupation Distribution Comparison (3-Year Sample), 2018.
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Occupation Distribution Correlation: 2018
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Figure B.11: Occupation Correlation (3-Year Sample), 2018.
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B.3 2015-2019 Wage Distribution Comparison (vs. OES)

Comparison of Annual Wage Distributions by Occupation
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Figure B.12: Wage Distributions, 2015-2019, for SOC codes below 32.
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C Detailed Methodology and Validation Steps

The harmonic mean of precision and recall (or Fl-score) is frequently used to evaluate model perfor-
mance. When using this metric, a high score (i.e., towards 1) is important to instill confidence that a
trained model has not only learned the training data well, but can also reasonably generalize beyond
it. We report F1 scores in Table 1, but do not rely solely on them.

The basis for all models we develop are “dictionaries” or lists of terms with standardized labels.
In cases where no taxonomy exists or existing taxonomies have insufficient detail, we follow in the
tradition of interpretive text analysis ( , ): we engage in inductive and deductive sampling
of text, qualitatively analyze real job ad language, label it manually, and use machines to scale unseen
instances with embeddings. Validity in the content analysis tradition typically starts with keyword
searches, and including strategic and random audits of labeled output to ensure high content valid-
ity ( , ). Oversampling and manually annotating the most frequently occurring text
patterns, random sampling from bins across the frequency distribution of match scores, and random
sampling of text chunks labeled by models illustrates where problems occur and enhances the ultimate
model performance.

We first describe the approach undertaken to building and validating dictionaries, and then describe
how we bridge standard or novel dictionaries with embeddings and ML methods to transform text into
structured data in the job ad domain, and provide additional details of the model training procedures.

We then provide additional detail on procedures undertaken for several of the key models.

C.0.1 Dictionaries

We adopt standard dictionaries from O*NET and build novel dictionaries, but validate both by auditing
binned results by frequency of appearance of features of a large sample of text. We focus effort on
manual reviews of the most frequently appearing observations. For each dictionary, we also audit small
random samples of the results to check accuracy and are satisfied when over 90% are accurate. For
example, we find 98/100 identifications of a tool or technology were true positives. A limitation of
reliance on benchmark / standard dictionaries is that emerging tools and technologies, e.g., ‘ChatGPT’,
will not have a commodity code or entry in the O*NET. Another is that stemmed words may not always
match the desired concept. We manually augment standard dictionaries, build custom dictionaries,

and make direct edits to the results until satisfied.

C.0.2 Bridging Dictionaries and Machine Learning

Dictionaries lack context and require matching an exact text string. We initially attempted to split

the job advertisements into sections for targeted extraction, e.g., ’skill requirements’ or 'task’ sections.
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Had that been successful, dictionaries operating within specific sections could have been a fruitful
approach to context-specific results. However, job advertisements are free form and do not obey a
uniform structure.

For tasks and skills, to prevent false positives, we build two-stage models in which we first identify
sentences as 'task’ or ’skill’ sentences with a binary ML classifier trained to recognize sentences con-
taining task or skill descriptions relevant to the worker. We built initial lists of task and skill sentences
with content from O*NET and ESCO, respectively. We then pass only the sentences that contain task
or skill content on to a similarity search embedding model.

To augment dictionaries and rule-based approaches, we use word and sentence embeddings (

, ). We thereby generalize from a dictionary to capture the occurrence of a
concept. For embedding models, we typically begin with an existing dictionary, augment it with highly
similar real job ad language, and embed the results to complete a search for similar text in the job
ads. In some cases, we add supervised ML built with training data created from the dictionary and
boosted by real job ad text identified by embeddings with a high match score following audits of the

training data.

C.0.3 Model Training Procedures

All procedures involving the fine-tuning of pretrained Language Models were performed using the
HuggingFace Trainer library?, using default parameters — including a learning rate of 5e-5 and the
Adam optimizer. Training was performed for one epoch on the 90% train split, which was always
obtained using a random seed of 42. All training was run on a single Nvidia RTX A6000 GPU, and
the utilized batch size was tailored to the maximum sequence length and pretrained model size.
Models requiring the entire job ad text as context (i.e., FirmExtract) were limited to 1024 tokens,
whereas models trained on sentences (TaskMatch, SkillMatch, binary WageExtract model) were trained
with a maximum length of 64 (roughly 3x the average English sentence length), or 128 in the case of
the two larger WageExtract models. TitleMatch models were similarly restricted to 32 tokens, since

only the title text is given as input to these models.

C.0.4 LLM-as-a-Judge Validation Prompts

In Table C.1, we provide the prompt used to validation the binary classification stage of SkillMatch.
Few-shot examples were curated from the human-coded dataset used to train the classification model.
Similarly, in Table C.2, we provide the prompt used for the second part of the LLM-as-a-Judge

validation, namely on the matching results for Skill Match.

4nttps://huggingface.co/docs/transformers/en/main_classes/trainer
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Table C.1: Prompt for LLM-as-a-Judge Validation of Binary Skill Classification.

Prompt

You will be given a sentence. Your task is to decide whether the given sentence contains a skill statement or not.
A skill is the ability to perform a specific task and apply knowledge, particularly in the work context. Answer
simply with SKILL or NOT_SKILL, denoting that the sentence contains a skill statement or not, respectively.
Provide your feedback as follows:

Output:::

Classification: (SKILL or NOT_SKILL)

Here are some examples:

sentence: listens to what other people are saying and asks questions as appropriate.

Output:::

Classification: SKILL

sentence: *position summary: * customer service - country code top-level domain (cctld) specialist’s work within
the client service organization supporting our client base of primarily fortune 100 companies.

Output:::

Classification: NOT_SKILL

sentence: responsible for delivering and serving food and beverage to guests in a friendly, prompt and efficient
manner.

Output:::

Classification: SKILL

sentence: this position will travel onsite to the client’s charlotte, nc location as needed for client meetings.
Output:::

Classification: NOT_SKILL

Now here is the sentence.

sentence: [INPUT SENTENCE]

Output:::

Classification:

Table C.2: Prompt for LLM-as-a-Judge Validation of Skill Matching.

Prompt

You will be given a SENTENCE and a CANDIDATE. Your task is to decide whether the given CANDIDATE is an
appropriate match for the given SENTENCE. To be an appropriate match, the CANDIDATE should accurately
represent what skills are described in the SENTENCE. A skill is the ability to perform a specific task and apply
knowledge, particularly in the work context. Answer simply with MATCH or NOT_MATCH, denoting that the
CANDIDATE matches the skill statement in the SENTENCE or not, respectively.

Provide your feedback as follows:

Output:::

Classification: (MATCH or NOT_-MATCH)

Here are some examples:

SENTENCE: operate, calibrate, and maintain lab equipment.

CANDIDATE: operating scientific and laboratory equipment

Output:::

Classification: MATCH

SENTENCE: workers will be exposed to all types of weather conditions.

CANDIDATE: operating lifting or moving equipment

Output:::

Classification: NOT_MATCH

SENTENCE: problem solving .

CANDIDATE: solving problems

Output:::

Classification: MATCH

SENTENCE: uses time effectively to manage workload/tasks.

CANDIDATE: documenting technical designs, procedures, problems or activities

Output:::

Classification: NOT_MATCH

Now here are the actual texts.

SENTENCE: TEST

CANDIDATE: TEST

Output:::

Classification:
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C.1 TaskMatch

We first attempted a dictionary of tasks based on analysis of parts of speech in the O¥*NET task state-
ments. Identifying unique noun-verb pairs within the text of O*NET task statements, and authoring
rules requiring pairs appear within a narrow context window, proved unsatisfying in both recall and
precision. To boost recall, we augmented task verbs and nouns from the O*NET with highly similar
verbs and nouns suggested by embeddings. However, many positive identifications proved to be false
as the sentences in context did not truly contain information relevant to the duties to be performed
by the worker, i.e., were not sentences that contained relevant task information. We used labeled data
from this analysis in the next step.

To identify which sentences in a job ad contain task information, we built a binary BERT-based
classifier to identify task sentences — sentences that contains description of tasks a worker might
perform on the job. To build this classifier, we used the 20,000 task statements from O’NET as a basis
for training data. Next, we used an augmentation approach, where a random sample of 100,000 job
ads was segmented into sentences, and using an Sentence Transformer embedding model (

, ), specifically GTE-SMALL ( , ), we matched the most and least semantically
similar sentences, thus augmenting the dataset to contain other plausible task statements, as well as
clear examples of “not-task” statements.

A manual examination of the augmented data suggested by embeddings confirmed that task state-
ments were relevant, and the non-task sentences were irrelevant to task classification. In an additional
step, a random audit of 1000 training data samples was performed to identify clear misclassifications
resulting from the matching. This validation feedback was used to re-run the augmentation process,
resulting in the final training dataset of nearly 150,000 texts (44k task, 106k not task). Finally, an
efficient, compact version of a BERT model (BERT-TINY) was fine-tuned on the training dataset for
one epoch to produce a binary task classification model. This model was chosen due to its compact-
ness and ability to be run efficiently (even on CPU). Only statements identified by the binary text
classification model to be task statements were considered in the semantic matching process described
below.

To build the second stage of TaskMatch, we embedded O*NET’s task statements and searched
for similar task sentences identified by the binary classifier from a large random sample of NLx job
ads. In validation, we randomly audited within bins of the similarity score. We identified that above
an embedding match score of 0.90 (i.e., cosine similarity), we obtained excellent precision scores (7
false positives / 165 reviewed), and the quality deteriorated below that level (65 false positives /
90). Discarding the results below 0.90 meant dropping 60% of the results. We observed that while

many of the false positives were false in a strict sense, the embedding model often caught interesting
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similarities between tasks and suggest general concepts that are false only in that they differ from the
precise meaning of the O*NET task statements. In interactively testing the model on a small sample
of individual job ads from different firms and sectors, while recall was at times an issue, the accuracy
of results obtained was impressive. As we sought a highly precise model, we deployed TaskMatch with

the 0.90 threshold.

C.2 FirmExtract

This training dataset was prepared by randomly sampling 200,000 job ads from the NLx corpus in
which the self-report firm name was present. An algorithm was created to match all instances of this
firm name in the text (lower case, shortened title, etc.), thereby creating quality tagged NER data.
The firmNER model was trained for one epoch on a 90% split of our training dataset, with a sequence
classification objective (all tokens are labeled as either part of a firm name or not), and this model
achieved an F1 score of 94.5 on the validation set.

We first standardize Data Axle firm names using the same cleaners discussed above, and then
calculate the Levenshtein Distance similarity ratio between standardized firm names. We accept a
match when the match score is above 0.8. If no match is found at the zip code level, we seek the
highest-scoring match within state, and if no match above 0.8 is found at the state level, we retrieve
the highest-scoring match nationally above 0.8. We developed this process after auditing three rounds
of firm-matching results, focusing on accurate identification of the largest firms.

We leverage the availability of zip code and state information in both job ads and Data Axle to
match firms to establishments at the zip code level if possible. Based on a manual audit, we use 0.8 as
a threshold for fuzzy matching. If no match is above 0.8 at the zip code level, we match firm names at
the state level. If no match is above 0.8 at the state level, we match against the national list of all firm
names, and expedite the search by looking only at firms with the first character in common with the
job ad firm name. Although we retain the best match and match score, in the dataset we construct,

we treat all results below 0.8 as missing industry.

C.3 TitleMatch

There is no accepted validation resource to match job titles to occupation codes at scale. We take
multiple approaches to confirm the final model. After an initial round of exact matching between
reported job ad titles from O*NET and job ad titles, we augmented the training data of reported
titles with high-match scoring and manually-audited high-frequency titles that could not be exact
matched. We manually deleted high-frequency false positives from the sample of reported titles in

O*NET, and corrected high-frequency false positives in the training data when multiple occupation
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codes were matched based on a dictionary approach. For example, “delivery” in isolation is often
correctly associated with the courier occupation, but the co-appearance of “delivery” and “nurse” in
a title is corrected to associate with the nursing occupation. We compared results between Version 1
(sample of reported titles embeddings) and Version 2 (sample of reported titles augmented by real job
titles suggested by TitleMatchV1). We find an exact match of 89.5%, and manually audit a strategic
sample of 100 job titles from across the distribution of match scores.

We also compared TitleMatch’s output to results form publicly available research. Drawing from
a newspaper corpus of help wanted ads from the 1950s through 2000, Atalay et al. construct job
titles, and using a bag of words model, predict standard occupation codes. The underlying job titles
in newspapers have challenges not faced in online job ad data: drawn from OCR scans of newspapers,
it is subject to transcription errors, and titles could be misidentified. Newspaper job ad titles are also
much shorter than online job ad titles, and the job ad titles are much older in newspapers, reflecting
an earlier time perido (Marinescu and Wolthoff, 2020). Nevertheless, in a 1% sample of job titles, for
1,124 titles where the Atalay et al. model returns a confidence level of 1, TitleMatch retrieves the same
major occupational group in 91% of observations and the same title or six-digit occupational code for
74% of the observed job titles. This suggests a high degree of out of sample correspondence.

We developed a list of features in titles by examining a random sample of job ad titles and noticing
words that were not indicators of hierarchy or occupation. For example, we notice urgent hiring,
sign-on bonuses, travel, remote work, seasonal, part-time, and full-time work. In Appendix Table 77,
we list the unique features we extract and the associated codes. Figure C.1 illustrates trends in the
presence of remote work in job titles in Panel A, and cyclical hiring trends for positions with titles that
indicate seasonal and college graduate hiring. To extract such features from job titles, we fine-tuned
an additional DEBERTA-V3-BASE model in a multi-label setting, and the resulting model achieves an

81.4% accuracy in correctly identifying the labels present in a title.

Figure C.1: TitleMatch Features: Remote Work and Seasonal Hiring
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To extract the hierarchy values, we built a knowledge map of terms that indicate hierarchy. We
exhaustively searched for but do not display in the excerpts all the variant keywords we include in the
production-use map. Null results default to zero. A second ‘stepper’ knowledge map returns a value
ranging from -7 to +4. Words such as “assistant” and “vice” decrement the base level, and words such
as “senior” or “chief” increment the base level. The sum of the base and the ‘stepper’ maps is equal
to the hierarchy level value, and we construct a training dataset of nearly 245k text examples from
NLx using this base knowledge map and stepper logic.

The training dataset maps title texts to hierarchy values, and we use this data to train BERT-based
regression model, i.e., to predict the hierarchy value given a text input. Due to the semantic intricacy
of the task, we choose to fine-tune a DEBERTA-V3-BASE model ( , ) for regression, which

we perform on a 90% train split for one epoch.

Table C.3: Mapping Hierarchy to Job Titles

Keyword Value | Label

Internship -10 [Intern level Helper -7 |Helper
Trainee -10|Intern level Junior -6 | Junior
Entry-Level 0|Base level Asst -5| Assistant
Manager 10| First-Level Supervisor Associate |-3 | Associate
Supervisor 10 | First-Level Supervisor Vice -2|Vice
Team Leader 10 | First-Level Supervisor Deputy |-1|Deputy
Territory Manager 20 | Second-Level Supervisor Lead 1|Lead
Division Leader 30| Third-Level Supervisor Leader 1| Leader
General Manager 30| Third-Level Supervisor Sr 2| Senior
Director 40 | First-level Executive Exec 3 | Executive
CHRO 50 [ Senior Executive Chief 4| Executive
CEO 60 | Top Management

1B. Excerpt of Hierarchy Stepper Map
1A. Excerpt of Base Hierarchy Map.

We assess the accuracy of the hierarchy match by running TitleMatch on 3,219 New York City job
ads downloaded on March 24, 2025 ( , ). NYC job ad metadata includes five career
levels (Student, Entry-Level, Experienced, Manager, and Executive). Figure C.2 illustrates the results.
With the exception of executive titles, Panel A’s boxplot illustrates that the distribution of the model’s
predicted hierarchal level corresponds to student, entry-level, experienced, and managerial positions.
Inspection shows that ‘commissioner’ appears frequently in NYC executive rank postings, but was not
in our hierarchy coding model and note this for future improvements. Panel B’s density plot shows
that the distribution of TitleMatch’s hierarchy results correspond to the internal hierarchical scheme
of NYC'’s personnel management system. For Panel B, we map TitleMatch predictions to the Career
Levels used by NYC Job Ads - we divide by 10, round to the nearest whole number, and truncate the
hierarchy level returned by TitleMatch to match the five levels of the NYC system.

Overall, the correlations between TitleMatch’s hierarchy level and the minimum salary range (0.41)

and the top salary range (0.49) for positions, and the career level (0.48), are consistent with a moderate
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positive association between this measure and important characteristics of the job. In many cases where
wage information is unavailable, this measure can be an informative indicator of a job’s status within

an organization.

Figure C.2: TitleMatch Hierarchy Prediction and NYC Job Ad Career Levels
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D Appendix Sample Occupational Report for Secretaries and

Administrative Assistants.

A Shiny App enables inspections of the data. This report illustrates some of the data available in a

report focused on Secretaries and Administrative Assistants, and includes SOC codes 43-6011, 43-6012,

43-6013, and 43-6014.

Figure D.1: Detailed Occupation Selected with Total Job Postings per Month Displayed
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This chart shows the total number of unique job postings observed for the selected occupation group over time. A consistent volume of
postings is important for robust and reliable analysis, especially for more granular trends.

Based on an analysis of NLx Research Hub job ad data. Occupations matched with TitleMatch.

Table D.1: Top 10 Tasks in 2025

Rank Task Description Value
1 Assign duties to other staff and give instructions re- 7746
garding work methods and routines.
2 Assign employees to specific duties. 7537
3 Supervise and instruct assistants. 4706
4  Refer guest problems or complaints to supervisors. 4562
5  Assign duties to workers, and schedule shifts. 4376
6 Maintain cleanliness of work area. 3527
7 Teach library patrons basic computer skills, such as 3470

searching computerized databases.
8 Adhere to local, state, and federal laws, regulations, 3469
and statutes.
9 Oversee training programs. 3247
10 Instruct patients, parents, teachers, or employers in 2964
communication strategies to maximize effective re-
ceptive communication.

86



Figure D.2: Change in Work Activity Composition over Time
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Figure D.3: Top Work Activities in 2025
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Figure D.4: Top Work Activities in 2015

Guiding, Directing, and Mativating Subordinates
Documenting/Recording Information

Performing Administrative Activities

Monitoring and Controlling Resources

Training and Teaching Others

Assisting and Caring for Others

Scheduling Work and Activities

Communicating with Supervisors, Peers, or Subordinates
Handling and Moving Objects

Communicating with Persons Outside Organization
Processing Information

Thinking Creatively

Getting Information

Performing General Physical Activities

Monitor Processes, Materials, or Surroundings

o

20000 40000 60000
Total Count in Postings

Based on an analysis of tasks extracted with TaskMatch.

Figure D.5: Top Skills in May 2025
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Figure D.6: Change in Skill Composition Over time
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E Appendix Custom and Standard Dictionaries

This section provides one illustrative term for each label inside a custom dictionary that we build.

addition to the illustrative terms, the full dictionary is available.

E.1 Features from Job Titles

Table E.1: Custom Dictionary of Features Extracted from Job Titles

Illustrative Term Value Label

Allowance All Allowance
Benefits Bnf Benefits
Bilingual Bi Bilingual

Bonus Bns Bonus
Commission Cm Commission-Based
Contract Ctr Contract
Contract-to-Hire C2H Contract-to-Hire
Entry-Level EL Entry-Level
Experienced Ex Experienced
Flexible Flx Flexible Hours
F/T FT Full-Time

Grad Grd Graduate Hiring
Holiday Holiday  Holiday
Home-Based Hm Home-Based
Hourly hrly Hourly

Hybrid Hy Hybrid
Immediate Imm Immediate Start
Incentive Inc Incentive

Intern Int Internship

Job Fair JF Job Fair
Evening ON Nights

On Call oC On Call

Onsite oS Onsite

On-Site oS On-Site
Overnight ON Overnight

Paid Pd Paid

Paid Per PPS Paid Per Service
P/T PT Part-time

Peak Time Peak Peak Time

Per Diem PD Per Diem
Relocation Rel Relocation
Remote Rem Remote
Rotational Rot Rotational
Salary Slry Salary

Seasonal Ssn Seasonal
Security Clearance  Cl Security Clearance
Shift SW Shift Work

Sign on SO Sign-on Bonus
Spanish ES Spanish language
Subcontract Sub Subcontract
Telecommute Tc Telecommute
Temporary Temp Temporary
Training TP Training Provided
Travel Trv Travel Required
Undergraduate Ugrd Undergraduate
Virtual Hiring VIJF Virtual Job Fair
Volunteer Vol Volunteer
‘Weekend WE ‘Weekend
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E.2 Custom Dictionary of Benefits
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Table E.2: Dictionary of Benefits Features Extracted from Job Ads

Item Label Major Group Label

% discount Discount Additional'Compensation
401 (k) 401K Retirement

401(k) plan with acompany match 401K Match Retirement

403 (b) 403b Retirement

529 college collegesavingsplan Saving

Accident and Disability Insurance Accident Insurance

Adoption Assistance Family Benefits

Annual equity Equity Additional'Compensation
arcade games arcade Amenity

based on performance payforperformance Incentives

basketball hoops basketball Amentiy

BBQ BBQ Amenity

benefit for public transportation transit Benefits

BENEFITS Health Insurance Health Insurance

Benefits Information Benefits Benefits

career coaches Coaching Education

catered breakfast breakfasts Amenity

catered lunches lunches Food

company match matching contribution Additional'Compensation
Company Vehicle Auto Amenity

competitive base pay MarketPay Pay

comprehensive training Training Education

Computer and Cell Phone Computer/Cell Expenses

Continuing Education Programs Continuing Education Education

deferred compensation deferredcomp Saving

dental and vision insurance dental and Vision Insurance

Dependent Care

Detention Pay

differential is paid

Disability and Life Insurance
Discounted tuition benefits
Employee Assistance Program (EAP)*
Employee Stock Ownership Plan
Employee Stock Purchase Plan (ESPP)
equity plan

FMLA

Full-time and Part-time benefits
Fun Fridays

Group Auto Insurance

Group Home Insurance
Identity Theft Protection
income protection

Legal Assistance

Life Insurance

Medical and Dental Insurance
military leave

Onboarding Bonus
opportunity for growth

paid Dental

Paid Holidays

paid leave

Paid parental leave

pension

Pet Insurance

ping pong

prescription drug

Relocation

retirement

retirement savings plan
savings

Series A stage startup
short/long term disability
sick leave

soccer

stocked micro kitchens
student loan repayment

tax benefit

tax-free benefit for public transportation or parking expenses

Tuition Assistance

Vacation

Vision and Life Insurance

wage will increase

wage will increase through training
Week Home

workplace culture

FSA

Special Pay

pay differential
DisabilityLife
Tuition Discount
EAP

ESOP

ESPP

Equity

Disability
Benefits

Fun Fridays
Auto

Home

Theft

Income
Assistance

Life
HealthandDental
Military Leave
SignonBonus
Growth

dental

Holidays

PTO

parental leave
pension

Pet

ping pong

Rx

Relocation
retirement
retirement savings plan
savings

Startup
Disability

sick leave

soccer

kitchen

college loan repayment
tax benefit
transit

Tuition Reimbursement
Vacation

Vision and Life
progression’in’job
training progression
Time Off Benefit
culture

Tax Shelter
Additional'Compensation
Additional'Compensation
Insurance
Education

Benefits

Additional Compensation
Additional'Compensation
Compensation
Unpaid Leave
Benfits

Amenity

Insurance

Insurance

Benfits

Insurance

Legal

Insurance

Insurance

Job Protected Leave
Bonuses

Career

Insurance

Vacation

Paid Leave

Job Protected Leave
Retirement
Insurance

Amenity

Health

Expenses
Retirement
Retirement

Saving

Startup

Insurance

Vacation
Recreational
Amenity

Education

Tax Shelter

Tax Shelter
Education

Paid Leave
Insurance
payprogression
payprogression
Vacation

Culture
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E.3 Custom Dictionary of Education

Table E.3: Dictionary of Education Features Extracted from Job Ads

rule Label Description
qualifications high school HS High School or GED
high school degree ged HSGED High School or GED
ged equivalent GED High School or GED
associates degree Associates Associates
accredited college or university Bachelors College or University
bachelors masters Masters Postgraduate
bachelors masters or phd Doctorate Doctorate

92



E.4 Custom Dictionary of Drug, Background, and Criminal Checks

Table E.4: Dictionary of Background, Drug, and Criminal Check Features Extracted from Job Ads

feature value label
background background background
successfully complete a background backgroundcheck background
asked questions regarding any felony criminal noask background
criminal conviction criminalbackground background
maintaining a satisfactory criminal and credit record criminalbackground ongoing
drug drug drug

no drug or alcohol related conviction drugbackground background
drug free workplace drugfree drug

pre employment drug drugtest drug

fair chance employer Fair Chance Emp|loyer Law

fair chance hiring Fair Chance Employer Law

Fair Chance Ordinance Fair Chance Law will'hire
Criminal history will not automatically disqualify Fair Chance Law Law

dwi convictions no’dwi no’dwi

not be obligated to disclose sealed or expunged records of conviction nobackgroundcriminal nobackground
Applicants with a felony conviction or pending/unresolved court cases may not qualify for licenses in all required states. nohire’crime will'not hire
offer pre employment preemployment preemployment
screening screening screening
Second Chance Act Second Chance Act Law
recognizes the value in second chances Second Chance Employer willhire
test test test

second chance will'hire formerly incarcerated ~ will'hire
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E.5 Custom Dictionary of Shift Features

Table E.5: Dictionary of Shift Features Extracted from Job Ads

Phrase

Category

Specific Category

Activity Schedule

Friday schedule

daily schedule

Flexibility as to the hours and schedule of work
Flexibility as to the hours
flexible scheduling
schedule allows

Special shift

40 hour

holiday schedule

Hybrid Schedule

3rd Shift

night work

Regular Schedule

overtime

project schedule

rotating schedule
Retention Schedule for a minimum of three years
Schedule

schedule appointments
schedule of appointments
Shift

12 Hour Shift

Schedule Per Diem

Shift Day

schedule including early morning
Schedule Type

during a shift

end of the day shift

2nd Shift

end of shift

Entry Level Shift
Overnight shift
supervision of a shift

Shift Lead

temp to hire position
Weekend Shift

weekly duties and schedule
shift pay

closed most holidays

Activity schedule
Weekly Schedule
Daily Schedule
Flexible Schedule
Flexible Hours
Flexible Schedule
Flexible Schedule
Specific Shifts
Predictable Hours
Holiday Shifts
Hybrid Work Schedule
Night Shift

Night Shift
Predictable Schedule
Overtime

Project Schedule
Rotational Schedule
Salary Schedule
Schedule

Schedule Others
Schedule others
Shift

Specific Shift

Shift Pay

Specific shift
Specific Shift
Specific Shfit
Specific Shift
Specific Shift
Specific Shift
Specific Shift
Specific Shift
Specific Shift
Supervise Shfits
Supervise Shifts
Temp to Hire
Weekend Shift
Predictable Schedule
Shift Pay

No Holidays

Flexible for Employer
Flexible for Employer

Flexible for Employee

Flexible for Employer
Full Time

Responsibility
Long

Day

First Shift
Second Shift

Second Shift

Seniority based shifts
Third Shift

Weekly
Additional Compensation
Scheduling
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E.6 Standard Dictionaries from the Management Literature

Standard dictionaries from the management literature run on the job ads include the following;:

e Recruiting signals ( , ): Achievement Oriented Culture, Creative Culture, Devel-
opment Early, Development, Inclusive Military, Inclusiveness, Corporate Social Responsibility,

Team Based Culture, Values Based Culture, Well Being.

e Long Term Orientation ( , ): Continuity, Futurity, Perseverance.
e Time Horizon Words: Long term, Neutral, Short ( , ); Long,
Short ( , ).

e Training Feedback: Utility, Satisfaction Glerum et al. In Press

e Management Innovation ( , ): Change, Practices, Processes,
Structures.
e Digital Orientation ( , ): All dimensions, Architecture configuration, Ca-

pabilities, Digital ecosystem coordination, Digital technology scope.
e CreativitySpeak ( , ).

e TMT Attention ( , ): Board of Directors, Competitors, Computer Ind. Customer,
Healthcare Ind. Semiconductor Ind. Dealers, Employees, Owners, Strategic Partners, Manage-
ment. Foreign Operations and Markets, including: Africa, Asia Pacific, Europe, Latin America,

Middle East, North America.
e Ambidexterity ( , ): Exploitation, Exploration.

e Entrepreneurial Orientation ( , ): Autonomy, Aggressiveness, Inductive,
Innovativeness, Proactiveness, Risk Taking, Competitor Orientation, Customer Orientation, In-
terfunctional Coordination, Long Term Focus, Profitability. ( , ): Autonomy,

Aggressiveness, Inductive, Innovativeness, Proactiveness, Risk Taking

e Value Orientation ( , ): Economic Value, Social Value, Environmental Value
e Task Environment ( , ): Stakeholder.
e Corporate Social Responsibility (CSR) ( , ): Employee, Environment,

Human Rights, Social and Community

e Sustainability Orientation ( , ): Addition, Environmental, Social
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e Market Orientation (Zachary et al.; 2011): Customer Orientation, Competitor Orientation, Inter-

functional Coordination, Long Term Focus, Profitability.
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